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 Maine is a historically important timber supply region in North America. 
Understanding the potential change in forestlands and their product industries affected by 
climate change and various socioeconomic conditions can better improve the forest healthy 
and sustain a sustainable product industry. A statistical harvest choice model for the state of 
Maine was developed in chapter 1. It was estimated using a multinomial logit model of two 
products, under varying management intensities, and ownership classifications across varying 
market conditions. Results indicate that stumpage prices have a significant effect on forest 
landowners’ harvest decisions and that the expansion of conservation land will have a 
relatively small impact on Maine’s timber supply. 
 In chapter 2, five shared socioeconomic narrative pathways were developed to explore 
the consequence of changes in Maine’s social-economic elements to the future of the forest 
sector. Quantitative assumptions were combined with the stand-level harvest choice model to 




2100. Results indicate a wide variation in timber harvest and carbon stock across all 
pathways, with the most considerable variation driven by changes in stumpage prices. In 
nearly all cases, Maine’s forest and carbon stock is estimated to expand over the next 80 
years. 
 In chapter 3, four greenhouse gas emission scenarios estimated using the HadGEM2 
and CCSM4 climate models were used to quantify the impact of climate change on Maine’s 
forests through 2100. The forest landscape model LANDIS-II with PnET-Succession 
extension was used to project changes in aboveground biomass (AGB) and carbon (AGC) 
resulting from climate change, and the normalized and calibrated forest yield curves were 
then linked with the stand-level harvest choice model to quantify impacts to timber supply. 
Our simulation results demonstrated that forest AGB and AGC were most driven by 
continued recovery dynamics. Besides, climate change also has a net positive impact on 
growth and biomass accrual. As a result, Maine’s forest, carbon, and timber stocks are 
expected to increase through 2100 under all climate change scenarios.In chapter 4, the SSPs 
framework was combined with the landscape model and timber economic model to explore 
the physical impacts of climate change as well as policies and socioeconomic change on 
Maine’s forest sector. We found that Maine’s forests would become a large reservoir of 
carbon if current trends continued. Further, we estimated that socioeconomic changes 
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FOREST LANDOWNER HARVEST DECISIONS IN A NEW ERA OF 
CONSERVATION STEWARDSHIP AND CHANGING  
MARKETS IN MAINE USA 
1.1. Introduction 
 Forest managers and policymakers across the globe are continually exploring ways to 
better understand how various socio-economic and biophysical shocks can impact timber 
supply and associated impacts to the forest sector, especially under changing conditions like 
species distribution, evolving markets, and ownership classification.  This is particularly the 
case in the state of Maine, USA, which contains over 7 million ha of forest land covering 
approximately 89% of the land area in the state. From 1997 to 2007, Maine’s harvest area 
was relatively stable at approximately 200,000 ha per year, with the annual harvest volume 
totaling nearly 6.8 million metric dry tons. Over the past decade though, the harvest area has 
steadily declined due to changing market conditions. In 2017, only resulting 135,000 ha were 
harvested, resulting in about 5.6 million metric dry tons of timber (Maine Forest Service, 
2018a). About 89% of the state’s forestland is currently privately owned, with 59% and 32% 
controlled by corporate and family owners, respectively (Butler, 2018). Corporate owners 
harvest about 65% of total volume, while family forests contribute about 29% (Butler, 2017).  
 The forest product industry comprises a noticeable portion of Maine’s economy, 




Council, 2016). Recent changes in the forest products industry, particularly due to advanced 
technology and changing demand over the past decade, have resulted in the closure of several 
pulp and paper mills, thereby reducing the total economic impact of the industry by several 
hundred million dollars, with a concurrent loss of thousands of forest and manufacturing jobs. 
The aggregate market loss for the sector over recent years poses a challenge to the entire 
supply chain, raising concerns among landowners and industry stakeholders about the future 
economic outlook of the forest products industry. Despite this, forest industry leaders and 
policymakers have recently developed an initiative to grow state’s forest products sector by 
40% by 2025 (Forest Opportunity Roadmap/Maine, 2018). However, it is still uncertain 
whether current and emerging economic and social conditions will adequately incentivize 
Maine’s forestland owners to harvest the amount of timber required to achieve this goal. 
 Forest policies can have dramatic impacts on the way forests are managed. 
Regulations and incentives are often applied to motivate landowners to manage their 
woodlands (Wagner et al., 1994; Gregory et al., 2003). After World War II, timber harvesting 
increased sharply to meet the domestic demand for construction lumber. The widespread use 
of clearcutting and other environmental concerns associated with logging resulted in several 
laws to protect forests. Maine’s government recognized the necessity for sustained timber 
yields and to provide incentives for landowners not to sell land for residential or commercial 
development. In that case, the Maine Tree Growth Tax Law (TGTL) was enacted. This law 
changed taxation of forestland from an ad valorem tax to current use value. The TGTL 




were enrolled in the program and landowners enrolled had a higher harvest intensity than 
non-enrollees (Maine Forest Service, 2014). Another key policy implemented in Maine was 
the 1989 Forest Practices Act (FPA), which put constraints on clearcuts. These constraints 
resulted in partial cuts comprising about 95% of harvests in the state, down from around 50% 
in the 1980s (Maine Forest Service, 2018c). The relatively restrictive nature of the policy led 
to amendments to the FPA that allow qualified landowners to implement outcome-based 
forestry (OBF) that focuses on targeting a wider suite of management objectives. However, 
only a handful of landowners in Maine have been permitted to adopt OBF to date, and thus 
the overall outcome of the policy remains to be seen. 
 Changing public attitudes towards recreation and forest ecosystems, including 
concerns over habitat and wildlife loss, water quality, and climate change have encouraged 
forest owners to broaden their management objectives to encompass multiple goals, (i.e., 
non-timber outputs). Starting in the 1990s, the corporate landowner type in Maine has shifted 
from the more fully integrated timber product industry companies to private investment firms 
and conservation groups with a somewhat different objectives (Hagan et al., 2005). 
Conservation initiatives on state and private land have greatly expanded through the purchase 
of development rights via conservation easements and simple fee acquisition (Irland, 2018). 
As of 2018, about 21% of Maine’s land is conserved, with a majority of this held privately in 
the form of fee or easements (Maine Office of Geographic Information Systems, 2019). In 
addition, while land trusts hold approximately 1 million ha of land in Maine, approximately 




Thus, current forest management not only focuses on fiber production, but also has evolved 
towards non-timber uses including the provision of ecosystem services. Furthermore, both 
federal and state governments have been subsidizing and encouraging investment in forestry 
to promote the production of ecosystem services (Kilgore et al., 2018). In the context of this 
paper, any public and private forestland that is designated as “conserved” is still likely to be 
harvested, as most conservation land in Maine still retains timber harvest rights.  
 There is concern that the transfer of industrial forests to Timber Investment 
Management Organizations (TIMOs) and Real Estate Investment Trusts (REITs) could lead 
to noticeable changes in harvest regimes that could transform the structure and dynamics of 
Maine’s forests (Daigle et al., 2012; Jin and Sader, 2006; Legaard et al., 2015). Between 
1980 and 2005, vertically structured timber or wood products companies divested 
approximately 4 million ha. Industrial ownership harvested the highest percentage of forest in 
the 1980s, while TIMOs harvested a higher percentage of forests in the 1990s and early 
2000s. Non-Industrial Private Forest (NIPF) landowners have had more stable ownership and 
more consistent and intermediate harvest rates through time when compared to the 
commercial landowners (Daigle et al., 2012). Forestland that experienced no ownership 
change had significantly lower harvest rates than land that changed ownership between 1994 
and 2000 (Jin and Sader, 2006). Recently, Kuehne et al.( 2019) assessed timber harvest 
patterns in Maine and suggested that harvesting in the state might be less opportunistic and 
short-term driven than generally perceived, but they did not include key factors like 




 The purpose of this paper is to develop and analyze a multi-period, multi-type harvest 
choice model for Maine that includes mixed characteristics such as stand type, ownership 
type, site location, stumpage price, and other key factors. To achieve this, we construct a 
multinomial logit model that is consistent with other harvest analyses conducted at a similar 
spatial and temporal scale (Beach et al., 2005; Silver et al., 2015), but many of these prior 
analyses often only focused on a particular landowner type or ignored market factors. 
Overall, the model developed in this analysis estimates partial and clear-cut harvest 
probabilities observed at the stand-level with more than 9,000 observations across a 15-year 
period, 2002-2016, which covers a wide array of market conditions and shifts in conservation 
status not previously addressed in prior analyses. From this model, we were then able to 
estimate the potential plot-level timber supply response across the state under various 
economic and land ownership conditions by coupling predicted harvest probabilities with 
currently available inventory data.  
 This research expands the existing literature on timber harvest choice modelling in 
several ways. First, we use regional-level data to control for local effects such as stumpage 
and demand. Second, we estimate the influences on decisions for both partial and full 
harvests of both sawlogs and pulplogs. Third, we specifically control for timber harvested 
from conserved land, which is the most rapidly growing forestland ownership in Maine 
(Meyer et al., 2014). Fourth, we account for the fair market value of timberland, which along 




values and development pressures accrued by the landowner by keeping their timberland as 
working forest.  
 This paper is organized as follows: first, we present a review of the literature that 
outlines the various methods that have been used to assess landowner timber harvest 
behavior. Next, we describe the methodology and data for our specific harvest choice model. 
Third, we present the results of our analysis of partial and clear-cut harvest choice in Maine 
across different product and ownership classes. Fourth, we extend our model to estimate the 
changes in future harvest supply under varying conditions. We then conclude the paper with a 
synthesis of our findings and suggestions for future research. 
1.2. Literature Review 
 Extensive research exists on identifying the key drivers of harvest decision making 
(see Beach et al., 2005; Silver et al., 2015 for detailed reviews of the literature). More recent 
publications that were not included in previous reviews are summarized in Table 1. Many of 
the assessments use a utility maximization framework, typically including two-period models 
(e.g., Prestemon and Wear, 2000; Polyakov et al., 2010). The empirical models used in these 
studies vary widely. For example, Dennis (1989) use a Tobit model to measure the quantity 
of timber harvested, Prestemon and Wear (2000) applied probit analysis to estimate a 
probability of harvest model with the dichotomous dependent variable, and Polyakov et al. 
(2010) built a conditional logit model to estimate landowners’ harvest choice with different 
forest types for seven states. More recently, Zhang et al. (2015) evaluated three harvest 




(2017) both used an exponential model to describe regional harvest probability. Biophysical 
factors such as available timber volume and parcel size have been demonstrated to be reliable 
predictors of harvest (Silver et al., 2015). However social factors are more complex and 
harder quantify because they are often mixtures of economic, amenity, and policy influences 
(Thompson et al., 2017).  
 Most studies indicate that harvest behaviors are generally consistent with economic 
theory and can be predicted with some degree of statistical significance (Polyakov et al., 
2010), which can be used to explore the direct effects of stumpage price on harvest decisions. 
For example, Beach et al.'s (2005) meta-analysis expected an increased timber price would 
incentivize more silvicultural activities, but found that market prices overall are not always 
statistically significant. Kittredge and Thompson (2016) used the notion of Granger causality 
to analyze the relationship between harvest activity and timber price for NIPFs in 
Massachusetts, USA, and found that stumpage prices could affected the harvesting decisions 
of landowners in the red oak (Quercus rubra L.) stands located west of the Connecticut 
River, USA. Dennis (1989) illustrated that the ambiguous effect of stumpage price on timber 
harvesting may be due to the opposite influences of the substitution and income effect, as 
well as the variable error problem that the price indices may fail to accurately measure the 
price offered to a landowner. Recently, Prestemon and Wear (2000) and Zhang et al. (2015) 
used the timber value to replace the timber price and found that timber harvest probability 
was positively correlated with present timber value and negatively correlated with future 




 Cost factors such as harvesting, transportation, and replanting might also influence 
landowners’ harvest decisions (Beach et al., 2005). The distance from a harvest site to its 
nearest road is typically used as a cost factor, because it affects the operational logistics and 
transport costs, and thus may influence the landowners’ harvest decision (Kline et al., 2004). 
For example, Prestemon and Wear (2000) found that the distance of the stand from the road 
has a negative impact on harvest probabilities. Likewise, Silver et al. (2015) found the 
distance from residence was negatively correlated with harvest activities. Donahoe et al. 
(2013) found that forest stand value and ownership were key drivers of stand removals, and 
the proximity to mills explained some variance, but their overall contributions to the model 
fitting were relatively minor. Thompson et al. (2017) also found that the distance from roads 
is a significant predictor of harvest probability. They concluded that ownership class is a 
powerful predictor of harvest behavior, with harvest intensity increasing with distance to the 
nearest road, while demographic data about landowners (e.g., age, education attainment, 
retired status) had a limited relationship on harvest behavior. However, Silver et al. (2015) 
concluded from a review of 129 NIPF harvest studies that landowners’ educational 
attainment was positively correlated with their intention to harvest, while absentee ownership 
and age were negatively correlated with the harvest intention. 
 Landowners’ characteristics may also influence their activities. Both Thompson et al. 
(2017) and Kittredge (2004) found the harvest behavior of private woodland owners were 
unpredictable, and suggested that family owners were satisfied with the amenity benefits 




needs. In fact, the harvest probability of privately-owned forest was twice that of publicly-
owned forest (except for municipally owned lands), while the harvest probability on 
corporate-owned land was 25% higher than on private woodlands and about 3.5 times larger 
than on federal lands (Thompson et al., 2017). Therefore, changes in ownership would likely 
bring changes in harvest behavior. Few studies have investigated the effect of shifts of 
privately-owned forestland into “conservation” status. Furthermore, most harvest choice 
studies focus on clearcutting (i.e., full harvest) decisions as opposed to a mix of harvest 
options, including partial removal of varying grades of mixed species fiber (e.g., softwood 
pulplogs vs. sawlogs).  
 The wide variation in approaches and data reviewed here highlight that there is not a 
single model framework, sample population, or outcome variable that can be applied to 
develop a harvest choice model. We build upon this finding to describe our specific 




Table 1. Summary of relevant harvest choice studies published since (Beach et al., 2005; Silver et al., 2015) literature summaries. 
Study Study Area 
Study 
population 
Methods Key variables Key findings 









Population density. forest type, 
basal area, distance to nearest 
road, land protection status, 
parcel size. 
Distance to the nearest improved road explained the 
harvest probability. Local population density and parcel 
size have no effect on harvest frequency, the harvest 












Population density, average 
household income, forest type, 
basal area, property size, 
education, income. stumpage 
price, distance from site to road 
Annual harvest probability on privately owned forests 
double that of publicly owned forests. Population 
density, household income, and distance to a road help 










Median home price, road 
density, population density, 
distance to metro center   
Probability of private harvest is most strongly and 
consistently estimated by affluence and proximity to 
urban development. Probability of public harvest does 










Median and maximum 
stumpage Price 
Harvest decisions primarily influenced by stumpage price 
under some circumstances. 








Stumpage value, distance to 
road, coastal plain, growth 
volume 









demographic, market and 
policy 
Landowners’ management priorities significantly affect 
the decision of harvesting. Amenities-oriented owners 
significantly reduced the probability of harvesting. 
Economic variables were significant predictors of the 
harvesting decision. 









Several economic and social 
factors 
Stumpage prices positively similarly affect harvesting 
decision on both private and public lands, but impact is 
species dependent. Managed private lands exhibited 




1.3. Materials and Methods 
1.3.1. Theoretical Model 
 Forest landowners’ objectives comprise a mix of marketable timber products and non-
market values such as aesthetic values and other ecosystem services. We hypothesize that Maine 
landowners are more likely to maximize utility than profitability, which is consistent with state 
landowner surveys (e.g., Acheson and Doak, 2009; Butler, 2017) and many studies summarized 
in our literature review. This suggests employing a utility maximization framework to analyze 
the management decisions of landowners in the state (Dennis, 1989; Hyberg and Holthausen, 
1989; Pattanayak et al., 2002; Petucco et al., 2015). As a result, we use a random utility model as 
the theoretical foundation of the multinomial logit (MNL) model, which allows us to analyze 
multiple choice behavior. Furthermore, the MNL is an appropriate method to apply to Maine’s 
forest landowners for the following reasons. First, landowners can choose to harvest over a range 
of intensities, not just no harvest or clearcut. Second, the MNL is a simple extension of binary 
logistic regression that allows for more than two categories of the dependent or outcome 
variable. Third, the method has fewer pre-required assumptions than many other statistical 
models (e.g., normality, linearity, or homoscedasticity). 
 The general landowners’ utility (𝑈𝑖𝑠𝑡) can be decomposed into an observable component 
(𝛽′𝑋𝑖𝑠𝑡, 𝛽
′𝑌𝑖𝑠𝑡 , 𝛽
′𝑍𝑖𝑠𝑡 and an unobservable component or random term (𝜀𝑖𝑠𝑡), which is assumed 
to be independent and identically distributed by the type 1 extreme value distribution 
(McFadden, 1973), where 𝛽𝑠 are parameter estimates, 𝑋𝑖𝑠𝑡 are vectors of market factors, 𝑌𝑖𝑠𝑡 are 
vectors of biophysical characteristics, and 𝑍𝑖𝑠𝑡are vectors of other social factors.  A landowner 
faces a choice set with 𝑖 alternatives (𝑖 = 1,… , 𝐼; 𝑤𝑖𝑡ℎ𝐼 ≥ 2.Each choice 𝑖 will lead to a certain 







′𝑍𝑖𝑠𝑡 + 𝜀𝑖𝑠𝑡 
Equation 1 
 Following (Max and Lehman, 1988), we assume that landowners will maximize their 
present utility of consumption (C) during the current (t) and future (t+1) periods. However, the 
landowner’s consumption is constrained by the total timber revenue plus exogenous income not 
related to forestry. The landowner’s budget constraints can thus be written as: 
𝐶𝑡 ≤ 𝑃𝑡𝑄𝑡 + 𝐸𝑡 − 𝑆 
Equation 2 
𝐶𝑡+1 ≤ 𝑃𝑡+1𝑄𝑡+1 + 𝐸𝑡+1 + (1 + 𝑟)𝑆 
Equation 3 
where, 𝑃𝑡 is stumpage price in period t, 𝑄𝑡is the removal volume of timber, S represents net 
savings, and 𝐸𝑡 is the exogenous income, such as a salaried job, self-employment, or financial 
investment. 
 Landowners are assumed to be rational utility maximizing agents, and thus choose to 
harvest when the net benefits of harvesting their timber surpass the net benefits of delaying 
harvest where𝑈𝑖 > 𝑈𝑗,𝑤ℎ𝑒𝑟𝑒𝑗 ≠ 𝑖. In this paper, 𝑖 and j are denoted as the multiple management 
decisions – i.e., none (0% removal = 0), partial (1-70% = 1) and full (70-100% = 2) – that define 
the choice probability of a landowner’s harvest decision: 
𝑃𝑟(𝑖) = 𝑃𝑟𝑜𝑏(𝑈𝑖 > 𝑈𝑗∀𝑗 ≠ 𝑖) 
𝑃𝑟𝑜𝑏(𝛽′𝑋𝑖 + 𝛽
′𝑌𝑖 + 𝛽
′𝑍𝑖 + 𝜀𝑖 > 𝛽
′𝑋𝑗 + 𝛽
′𝑌𝑗 + 𝛽
′𝑍𝑗 + 𝜀𝑗) 





 The probability of harvest choice 𝑖 can then be estimated using a MNL, where 𝛽 is the 
vector of coefficients and 𝐹(. ) is the logistic cumulative distribution function (CDF): 
𝑃𝑟(𝑖) = 𝐹(𝛽′(𝑋, 𝑌, 𝑍)) + 𝜀∗ 
Equation 5 
 Following this, let 𝑗 be an outcome variable that can take on possible decisions 𝑖 and 𝑗 =
0 (i.e, no harvest) be the reference value, with a collection of independent predictor variables 
𝑋, 𝑌, 𝑍 (e.g., stumpage price, growing stock, site location). The multinomial probabilities of each 
outcome value are then specified as: 




∑ 𝑒𝑥𝑝(𝛽′𝑋𝑖𝑠𝑡 + 𝛽′𝑌𝑖𝑠𝑡 + 𝛽′𝑍𝑖𝑠𝑡)
𝑖
𝑗







 The model parameters 𝛽1
′ , 𝛽2
′  for partial and fully harvests are then computed using the 
maximum likelihood estimation with the log likelihood function presented in Eq. 5, where s is 








 This log-likelihood function ensures that the predicted choice probability is highest for 





1.3.2. Empirical Model 
 We modify the theoretical utility maximization framework to develop a functional 
empirical harvest choice model that is parameterized using a combination of plot- and region-
specific characteristics. Plot-level measurements are based on the US Forest Service Forest 
Inventory and Analysis (FIA), in which every stand is measured approximately every 5 years 
(more details in section 3.4). Benefits accrued by the landowner are a function of management 
decisions, stumpage prices, and observable attributes of the stand such as growing stock biomass 
and site characteristics that affect growth, non-timber utilities, and management costs. Rewriting 
the elements of Equation 1, the benefits of each choice 𝑖 can be expressed as: 
𝑚𝑎𝑥𝑈 = 𝑈𝑛𝑜𝑛(𝑠𝑑) + 𝑃𝑡 + 𝑉 − 𝜑(𝑍) + 𝜀 
Equation 9 
where non-timber utility (𝑈𝑛𝑜𝑛 is denoted as the standing volume (𝑠𝑑), P is the vector of prices 
of different timber product (sawlog, pulplog), V is the initial stand volume differentiated by 
timber product, Z is a group of site variables that affect the growth rate and harvest costs, and ε is 
the associated error term.  Given this, Eq. 6 can be mathematically expressed as: 
𝑚𝑎𝑥𝑈𝑝,𝑠 = 𝛽0 + 𝛽1 ∗ 𝑃𝑟𝑖𝑐𝑒𝑆𝑎𝑤𝑐𝑜𝑢𝑛𝑡𝑦+𝛽2𝑃𝑟𝑖𝑐𝑒𝑃𝑢𝑙𝑝𝑐𝑜𝑢𝑛𝑡𝑦 + 𝛽3 ∗ 𝐿𝑎𝑔𝐵𝑖𝑜+𝛽4 ∗ 𝐵𝑖𝑜𝑇𝑜𝑡
∨ 𝐵𝑖𝑜𝑝𝑢𝑙𝑝𝐿𝐷 + 𝛽5𝑃𝑜𝑠𝑡𝐺𝑟𝑜𝑤𝑡ℎ𝑝,𝑠 + 𝛽6𝑃𝑜𝑠𝑡𝐺𝑟𝑜𝑤𝑡ℎ𝑝,𝑠
2 + 𝛽7
∗ 𝑀𝑖𝑙𝑙𝑠𝑝,𝑠+𝛽8𝐿𝑎𝑛𝑑𝑉𝑎𝑙𝑢𝑒 + 𝛽9 ∗ 𝐶𝑜𝑢𝑛𝑡𝑦+𝛽10 ∗ 𝐻𝑖𝑔ℎ𝑤𝑎𝑦𝐷𝑖𝑠𝑡 + 𝛽11
∗ 𝐶𝑜𝑛𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛 + 𝛽12 ∗ 𝐸𝑙𝑒𝑣𝑎𝑡𝑖𝑜𝑛 + 𝛽13 ∗ 𝑌𝑒𝑎𝑟 + 𝜀 
Equation 10 
where PriceSaw and PricePulp are sawlog and pulplog stumpage prices, LagBio is the amount of 
standing biomass on the stand in the previous period, BioTot is the total standing biomass on the 




(t ha-1), PostGrowth is biomass growth between periods (t ha-1 yr-1), Mills is the number of mills 
within a specific buffer around the plot, LandValue is the assessed forestland value ($ ha-1), 
County is the respective Maine county, HighwayDist is the distance from the plot to a primary 
highway (km), Conservation is an indicator variable described the category of plot ownership 
status (0 = non-conservation; 1 = public conservation;, 2 = private conservation), Elevation is the 
elevation of the plot (m), and Year is the period that the plot was sampled. 
 The coefficients of the empirical multinomial logit model cannot be directly interpreted 
as the marginal effects of the independent variables on harvest decisions. Thus, we estimated 
average marginal effects to quantify explanatory variables’ impacts on the harvesting decision, 
which are interpreted as the effect of a one-unit change in an explanatory variable on the 
probability of a landowner selecting a particular harvest choice using standard statistical 
methods. The estimated coefficients can also be used to compute response elasticities, measured 
as the percentage change in one variable that is associated with a one percentage change in 
another. 
 According to (Train, 2009), the elasticity of 𝑃𝑟(𝑖) with respect to 𝑥𝑖 is calculated as: 
𝐸𝑖𝑥𝑖𝑛 = 𝛽𝑥⁡𝑥𝑖𝑛(1 − Pr(𝑖𝑛)) 
Equation 11 
where 𝑥𝑖𝑛⁡is an explanatory variable of the utility derived from harvest activity 𝑖, 𝛽𝑥 is the 
parameter estimate of 𝑥𝑖⁡, Pr(𝑖𝑛) is the predicted choice probabilities for alternative harvest 
activities, and n is denoted as nth observation. The elasticities are then aggregated across all N 
observations following Ben-Akiva and Lerman, (1985):  
𝐸𝑖𝑥𝑖 =









 The harvest, stand volume, and plot location probability estimates are then used to 
quantify the expected annual harvest volume of pulplogs and sawlogs under a range of 
conditions.  Plot-level harvests are extended across the landscape using a Thiessen polygon 
method that combines the volume and spatial attributes of sampled plots to estimate the potential 
timber supply 𝑄𝑘𝑡,⁡for 𝑘 timber products in time t. We then use a bootstrap procedure to 
randomly draw a sample size M from total N observations to calculate the various elasticities of 
interest. 
State- and county- level harvest volumes were estimated via interpolation of the predicted 
individual stand harvest decisions and corresponding harvest intensities to account for all ~7 
million ha of forested area in Maine. For stands with no harvest and fully harvested estimates, 
the harvest intensity is equal to 0 and 1, respectively. However, for stands that are partially 
harvested, the corresponding harvest intensity distribution is rightly skewed and censored. Thus, 
partially harvested stand intensities – which can range from 1 to 70% of total growing stock – are 
estimated using a Tobit model of initial stand volume, growing stock volume, stumpage price, 
and other site variables.  The total harvest is then estimated by scaling up the individual plot-
level estimates based on the area that each of the approximately 3,000 plots represent, which is 





1.3.3. Model Validation 
 We assess the validity of our model specification using a range of criteria. First, we 
compare the log likelihood value for the intercept only model to that of the final model with all 
independent variables using a likelihood ratio (LR) test. A greater amount of change between the 
two models suggests a greater improvement in model fit. The LR statistic was then transformed 
to McFadden’s pseudo R2 (McFadden, 1973), where estimates of 0.2 or higher are considered 
highly satisfactory (McFadden, 1977).  Next, we use variance inflation factors (VIF) to test the 
multi-collinearity among the independent variables. In general, VIFs exceeding a value of 4 
warrant further investigation, while those exceeding 10 indicate serious multicollinearity 
(Menard, 2002; Marquaridt, 1970). The correct classification rate (CCR) represents the 
percentage of correct predictions in our analysis. We thus use CCR and the Akaike Information 
Criterion (AIC) to further evaluate the model fit.  
1.3.4. Data 
 Sawlog and pulplog growing stock and harvests are estimated on a green ton per hectare 
(t/ha) level using data from the U.S. Forest Service (USFS) Forest Inventory and Analysis (FIA) 
program, which consistently measures a spatially distributed base grid of forest inventory plots 
across the United States. Harvest activities are estimated at the plot-level, controlling for Maine’s 
16 counties that encompass four forest sector megaregions (Figure 1). Approximately 20% of 
FIA plots are randomly re-measured in a given year such that the entire sample is measured 
within a 5-year cycle. As a result, we cluster our analysis into three periods: 2002-2006, 2007-
2011, and 2012-2016. Each FIA plot is sampled three times over the 2002-2016 period for a total 
of nearly 9,000 observations, although harvests did not necessarily occur at each of those plots 




 The location and type of conservation (i.e., public, private) forestland and year of 
acquisition was accounted for using the Maine Conservation Land GIS database that is regularly 
updated (ME Office GIS, 2018). In 2018, this represented 21% of Maine’s total forest area, with 
about half of that area enrolled as conservation since 2002 (Figure 1). The conservation land 
ownership layer what then combined with the FIA plot data to establish that a total of 1,621 
observations in our dataset were designated as either public or private conserved forestland 
(Table 2). 
 
Figure 1. Spatial location of Maine conservation lands as of 2018 by ownership type and 
enrollment period. Sources: FIA (2018) and Maine Office of GIS (2018).  
 We estimated the harvest intensity of each plot by calculating the net removal of a given 




removal of 70% or more of merchantable timber on the site and a “partial” harvest as between 
1% and 69%, which would include commercial thinning and multi-stage shelterwood harvests. 
We estimated both harvest choices separately for sawlogs and pulplogs. Data were compiled on 
removals by timber type, location, elevation, and other site characteristics for matched plots for 
each period, t. Growing stock volume functions were calculated by regression analysis of no-
harvest activity plot records. The number of saw and pulp mills within a 50 km radius circle 
buffer served as a proxy for local demand (Anderson et al., 2011). Logging and transport costs 
was calculated as the minimum Euclidian distance from a state or national highway (Kline et al., 
2004).   
 Stumpage prices were obtained from (Maine Forest Service, 2018b), where annual prices 
vary by county, product, and species. We constructed county-level annual stumpage price indices 
for both sawlogs and pulplogs by calculating the weighted average price for each period included 
in the model. Real stumpage prices for every sampled stand were taken as the mean stumpage 
prices with deflated producer price index (setting the average producer price index of 2016 equal 
to 100). We also included prices of both timber types in each regression to explore the potential 
complementary and substitution effects between the two products.  
 The appraised forest value for a given municipality or territory was tracked for each plot, 
which essentially estimates the fair market value of the land (Maine Revenue Service, 2018). 
This metric was included a both a proxy for landowners’ attitudes to both timber and non-timber 
values as well as the value of alternative land uses. In addition, we used county-level data to 






Table 2. Summary of Maine harvest choice model variables (STD = Standard Deviation) 
Variable Description Units Source / Description Mean/Number Median STD 
Choicesaw Harvest choices of sawlogs  - 
FIA, change in sawlog biomass over 2 
measurement periods 
7,732 n/a n/a 
    No harvest - 5,979 n/a n/a 
    Partial harvested - 1,404 n/a n/a 
    Full harvest - 349 n/a n/a 
Choicepulp Harvest choices of pulplogs  - 
FIA, change in pulplog biomass over 2 
measurement periods 
8,051 n/a n/a 
    No harvest - 6,056 n/a n/a 
    Partial harvested - 1,685 n/a n/a 
    Full harvest - 310 n/a n/a 
PriceSawCounty 
Mean 5-year county-level price 
of sawlogs  
$ t-1 MFS Stumpage Price Reports 26 25 1 
PricePulpCounty 
Mean 5-year county-level price 
of pulplogs  
$ t-1 MFS Stumpage Price Reports 9 9 0 
BioTot Aboveground biomass  t ha-1 FIA, all aboveground biomass 122 116 7 
BiopulpLD 
Biomass of pulplogs and low-
diameter wood  
t ha-1 FIA, all aboveground biomass except sawlogs 81 78 6 
PostGrowthsaw 
Growth volume of sawlogs after 
harvest  
t ha-1 yr-1 FIA, calculated from non-harvest plots 4 4 2 
PostGrowthpulp 
Growth volume of pulplogs after 
harvest 
t ha-1 yr-1 FIA, calculated from non-harvest plots 7 8 2 
Millsaw 
Number of saw mills within 50 
km radius buffer 
# University of Maine  6 4 6 
Millpulp 
Number of pulp mills within 50 
km radius buffer 
# University of Maine 0 1 1 
LandValue 
Average ad valorem value of 
forestland by municipality 
$ ha-1 Maine Revenue Service 10,362 1,692 34,580 
Conservation Non-conserved - 
Maine Office of GIS 
6,430 n/a n/a 
 Private conservation lands - 935 n/a n/a 
 Public conservation lands - 686 n/a n/a 
Elevation Elevation (meters) m Maine Office of GIS 239 204 170 
Coastal Coastal county = 1 - Maine Office of GIS 1,952 n/a n/a 
HighwayDist Distance to national highway  km USGS, National Transportation Dataset 10 2 16 
¶




1.4. Results  
1.4.1. Harvest Choice  
 The maximum likelihood estimates for select variables associated with various sawlog 
and pulplog harvest decisions in Maine are reported in Table 3, and the full set of estimates are 
listed in the appendix (Table A1. ). The likelihood ratio test statistics, McFadden R2 and percent 
correct predictions all indicate that the model had a high goodness of fit. Furthermore, we reject 
the null hypothesis that the equations have no explanatory power. Nearly all coefficients were 
statistically significant and had the expected signs. Table 4 presents the relevant elasticity 
response estimates, while the marginal effects of the key coefficients are listed in Table . Results 
indicated that all prices were positive and significant for both the partial and fully harvested 
decisions. That is, higher prices yield a higher harvest probability. To a certain extent, a high 
timber price indicates the tight supply conditions and increased demand, so the landowners might 
harvest more wood to reach the potential balance between the supply of and demand for timber. 
Harvest decisions are driven by timber price, but responses are relatively inelastic. In particular, 
the stumpage price of sawlogs has an elasticity of 0.27 for partial harvests and 0.31 for full 
harvests, while pulplogs had respective values of 0.43 and 0.73 (Table 4). The elasticity 
estimates indicate that if the price of sawlogs increased by 1%, then the probability of a partial 
harvest of sawlogs increases by 0.27% and that of a full harvest increases of sawlogs by 0.31%. 
The prices elasticities for full harvests of sawlog and pulplog probabilities were estimated to be 
higher than those for partial harvests, indicating the harvest decision of clear-cutting (or full 
removal of a given timber class) was more sensitive to stumpage price than partial removals. 




the probability that landowners adjust their partial harvest decisions are less affected by timber 
prices, especially for pulplogs (Table 4). 
 The parameter estimates for harvests from conservation public lands were negative and 
statistically significant for all harvest intensities and timber types (Table 3). Negative signs for 
the indicator of Conservation for plots on public lands indicate that public land managers may 
tradeoff between economic maximization and other benefits and thus harvest with longer 
rotations and retain old trees. Compared to non-conservation lands, conservation public lands 
have a 2.6% and 2.4% lower probability of choosing to partially harvest sawlogs and pulplogs, 
respectively. They also have a 0.2% and 0.1% lower probability of choosing to fully harvest 
sawlogs and pulplogs, respectively. The private conservation land estimates were different from 
public lands. A key difference was that full sawlog harvests are estimated to increase by 0.3% 
compared to non-conservation forestland.   




Sawlogs  Pulplogs 
 Partial Harvest  Full Harvest   Partial Harvest  Full Harvest 
Coefficients (Standard error) 
PriceSawCounty 0.018*** 0.029***  0.030*** 0.064*** 
 (0.006) (0.006)  (0.005) (0.008) 
PricePulpCounty 0.020*  0.221***  0.029** 0.231*** 
 (0.014) (0.003)  (0.013) (0.003) 
LagBio 0.060*** 0.090***  0.060*** 0.096*** 
 (0.002) (0.002)  (0.002) (0.003) 
BioTot -0.065*** -0.107***    
 (0.002) (0.004)    
BiopulpLD    -0.069*** -0.130*** 
    (0.002) (0.005) 
PostGrowth 0.534*** 1.349***  -0.383*** 1.555*** 
 (0.002) (0.000)  (0.002) (0.001) 
PostGrowth2 -0.036*** -0.413***  0.071*** -0.205*** 
 (0.003) (0.001)  (0.002) (0.008) 
Millsaw -0.009*** -0.015***    
 (0.001) (0.002)    
Millpulp    -0.048*** 0.232*** 
    (0.001) (0.001) 




Table 3 continued      
 (0.000) (0.000)  (0.000) (0.000) 
Conservationprivate 0.014*** 0.113***  -0.040*** -0.296*** 
 (0.000) (0.000)  (0.000) (0.000) 
Conservationpublic -0.292*** -0.281***  -0.212*** -0.049*** 
 (0.000) (0.000)  (0.000) (0.000) 
Elevation 0.0004  0.002***  0.001*** 0.003*** 
 (0.0002) (0.001)  (0.0002) (0.0005) 
HighwayDist -0.001  0.005   0.003 0.003 
 (0.002)  (0.005)   (0.002) (0.005) 
Year2011 0.013*** -0.224***  0.124*** 0.190*** 
 (0.001) (0.000)  (0.001) (0.000) 
Year2016 -0.525*** -0.892***  -0.288*** -0.147*** 
 (0.001) (0.000)  (0.001) (0.000) 
Coastal 14.225*** -18.068***  -12.519*** 0.082*** 
 (0.000) (0.000)  (0.000) (0.000) 
Constant -0.977*** -7.508***  -2.309*** -7.535*** 
 (0.00) (0.00)  -0.001 0 
Number of observations  1,404 349  1,654 232 
LR χ2(60) 4,202.5  3,828.5 
Prob >Chi2 (χ2) 0.000  0.000 
Akaike Inf. Crit. 5,945.1  6,285.2 





Log likelihood at 0 -5,013.8  -4998.8 
McFadden R2  0.424  0.383 
Correct classification rate  85.24%  83.44% 
¶*p<0.1; **p<0.05; ***p<0.01  
 Estimates showed that landowners in the coastal counties were 1.38 times more likely to 
choose the partially harvested for sawlogs than inland counties. Pulplog harvests demonstrated 
the opposite effect; landowners in the coastal region being 1.46 times less likely to conduct 
partial harvests of the less valuable timber on their land than inland counties (Table A2). Forest 
management in coastal counties may be driven less by timber revenue when compared to other 
objectives such as aesthetics, urban and community design, and constraints associated with 
owning and harvesting smaller tracts of land. As a result, they have more active management for 
sawlogs than pulplogs, particularly for partial harvests.  
 The initial (i.e., pre-harvest) stand volumes were significant and positively related to the 




probabilities (Table 3). The average marginal effect and elasticity estimates also demonstrate that 
a high initial stand volume may stimulate harvest activities, while a large, retained stand volume 
indicates that landowners who are focused on non-market values are less likely to harvest.  
Table 4. Estimated state-level elasticities for sawlogs and pulplogs over 5 years 
Elasticity (%) 
Sawlogs  Pulplogs 
Partial Harvest Full Harvest  Partial Harvest Full Harvest 
PriceSawCounty 0.269*** 0.309***  0.432*** 0.731*** 
PricePulpCounty 0.085*** 0.856***  0.144*** 0.960*** 
LagBio 4.207***  3.773***  3.155*** 3.395*** 
BioTot -4.239***  -2.466***  -3.615*** -4.594*** 
PostGrowth 1.380*** 1.494***  -1.562*** 3.342*** 
PostGrowth2 -0.479*** -1.416***  2.316*** -2.293*** 
Millsaw -0.029*** -0.030***    
Millpulp    -0.017*** 0.059*** 
LandValue -3.154*** 2.050***  4.306*** -0.075*** 
Elevation 0.051 0.229**  0.084** 0.284*** 
HighwayDist -0.007 0.026  0.018 0.016 
Constant - -  - - 
¶Elasticities can be interpreted as the percentage change in choice probability for harvest activities in 
response to a 1 % change in an explanatory variable. E.g., 1% increase in sawlogs price will increase the 
probability of partial harvest by 0.269% over 5 years. 
 The megaregion-level elasticities and standard errors of timber supply response with 
respect to stumpage prices are reported in Table 5. The estimates indicate that Maine’s timber 
supply is inelastic with respect to stumpage price throughout the state, although only the 
elasticities related to pulplog prices were statistically significant. Estimates were also relatively 
consistent across megaregions. In particular, own-price elasticities ranged from 0.078 to 0.106 
for sawlogs and 0.326 to 0.434 pulplogs. With respect to cross-price elasticities of timber supply 
estimates ranged from 0.162 to 0.218 for sawlog supply and from 0.020 to 0.053 for pulplog 





Table 5. Maine stumpage price-elasticity of supply estimates. 
Supply Elasticity 
(Std. Err.) 




























¶ *p<0.1; **p<0.05; ***p<0.01 
 
 
1.4.2. Timber Supply  
 The estimates from the empirical harvest choice model can be used to estimate how 
Maine’s timber supply could respond to various socio-economic conditions such as changes in 
prices and ownership type. We set the inventory plots and harvest volume during 2012-2016 as 
the baseline. Figure 2 indicates how supply could change under varying sawlog and pulplog 
stumpage prices (+/- 50% compared to baseline means). As the prices of either sawlogs or 
pulplogs increase, supply for both timber types increase as well, indicating that the two products 
are complements. If sawlog and pulplog prices simultaneously increase by 50% at the same time 
– a value that is within the bounds of historical price fluctuations – their complementary effects 
could increase Maine’s total wood supply by 17.8%. On the contrary, simultaneously reducing 
sawlog and pulplog prices by 50%, could reduce Maine’s supply by 18.6%.  
 Overall, total harvests respond more to sawlog price changes than pulplog price changes, 




However, this finding does not necessarily hold for all regions of the state. For example, the 
eastern region of the state is estimated to have a relatively equal response to price changes for 
both products. On the contrary, Maine’s southern region is at least two times more responsive to 
changes to sawlogs than pulplogs. This finding highlights the heterogeneity in Maine’s timber 
markets and suggests developing more regionally focused policies may be more effective than 
those created at the state-level. 
 As expected, there are less impacts to timber supply if there is only a price change for 
either sawlogs or pulplogs (Figure A1). For example, a 50% increase in sawlog prices would 
lead to a 14.7% increase in pulplog supply, but only a 5.1% increase in sawlog supply, further 
highlighting the complementarity effect of the two products. However, a 50% increase in pulplog 
prices would increase Maine’s pulplog and sawlog supply by 6.8% and 8.1%, respectively. 









 Approximately 21% of Maine’s forestland is currently designated as conserved land, with 
most of that area located the northern megaregion (61%) and followed by the east (24%). The 
west and south megaregions comprise the remaining 15%, where a majority of the conservation 
land is fragmented (Figure 1). To assess the potential effects on the state timber supply if the 
recent trend in the conversion of Maine’s forests to private conservation land continues, we 
estimated the effects of increasing the total area of Maine’s forestland designated as private 
conservation in 25% increments (Figure 3). Overall, we estimate that converting all remaining 
private forestland to conservation would reduce Maine’s total annual timber supply by about 
140,000 t/yr, or 2% below current harvest levels. The entire decline is expected to be in pulplog 
harvests (-2.3 to -4.3%), while total sawlog harvests are estimated to increase (0.1 to 0.5%). 
Regionally, most of the changes are estimated to occur in the northern region of the state, which 
currently provides a bulk of the Maine’s wood supply (Figure 3). Large sections of this region 
are also already designated as conservation land though, and thus have already started to 
transition away from primarily focusing on pulplog-based harvesting and manufacturing. Thus, 
we estimate that a continued trend of shifting forestland ownership into conservation land will 





Figure 3. Estimated change in timber harvest from baseline for conversion to private 
conservation forestland. 
1.4.3. Model Validation 
 As a validation step, the total supply of sawlogs and pulplogs in Maine were predicted 
and compared with published reports, as shown in Figure 4. Maine’s historical and predicted 
average annual harvest volume (dry t yr-1). Our estimates of sawlogs and pulplogs were similar 
to historical data, often estimating harvests within 10% of the actual amount. The largest 
difference in model and historical harvests occurred in the 2007-2011 period, in which there was 
a global economic recession that had a major impact on housing demand and resulted in some 
structural change to the U.S. forest product industry. As we described above, the effects of 
stumpage price for different product supply are complementary. Thus, our approach to lag 




in aggregate, the verification indicates that the model is relatively robust and adequately 
specified despite the wide range of conditions and underlying variability in the data available. 
The relatively consistent estimates show that the empirical model presented in this paper is a 
useful decision support tool for estimating both regional- and state-level impacts on Maine’s 
timber supply under a wide range of conditions and constraints. 
 
Figure 4. Maine’s historical and predicted average annual harvest volume (dry t yr-1) 
1.5. Discussion and Conclusion 
 Our analysis found that stand volume and site location are both important aspects of the 
harvest decisions of Maine’s forestland owners’ despite existing differences in landowner types 
and their primary objectives. It also illustrated that the landowners’ decisions are driven by 
stumpage prices, regardless of product type or harvest intensity. That is, higher prices induce 
landowners to be more likely to harvest their stand. In addition, the choice to harvest the stand 
more intensively (i.e., full harvest or clear-cut) is more sensitive to stumpage price changes than 




types were relatively inelastic with respect to stumpage price; the own-price elasticity of sawlogs 
was 0.08, while the own-price elasticity of pulplog supply was 0.20. We also found positive 
coefficients of cross-price elasticities in timber supply between sawlogs and pulplog, indicating 
these two products are complements. In aggregate, we estimated Maine’s total timber supply was 
more responsive to changes in sawlog prices than pulplog prices. That is, a 50% increase in 
sawlogs could increase Maine’s timber supply by 10.4%, while the same increase in pulplog 
prices would result in a 7.4% increase.  
 The analysis also found there some variation in harvest response across the state. Coastal 
areas are 1.38 times more likely than inland areas to selectively cut sawlogs, but also 1.46 times 
less likely to selectively harvest pulplogs. This finding supports the general perception that 
landowners in the coastal counties often have less reliance on timber revenue than those in the 
interior of the state. As a result, those living on the coast are more likely to actively manage their 
land for sawlogs than elsewhere. This suggests that the structure of Maine’s large but 
geographically spread forest products industry has already been factored into various decisions. 
In addition, this highlights the high variability in landowner behavior even for a given type such 
as NIPF.  
 Our findings that forest landowners have a positive but inelastic response to price signals 
are primarily aligned with previous studies, although the findings are highly variable. For 
example, Bolkesj et al. (2010) reported the elasticity of 0.91 of sawlogs supply and 0.53 of 
pulplogs supply. In contrast Tian et al. (2017) conducted a meta-analysis of studies involving 
elasticities of timber supply and found the elasticity of 0.39 of sawlogs supply and 0.13 of 
pulplogs supply, while Prestemon and Wear (2000) found that elasticity of sawlogs for pine 




some studies found the pulplogs and sawlogs products were substitutes (e.g., Bolkesj et al., 
2010), while most studies report that they are complements (e.g., Polyakov et al., 2010; 
Prestemon and Wear, 2000), as was the case for this study.   
 We estimated that public conservation of forestlands had a slightly negative and 
statistically significant impact on harvest decisions and timber supply. However, privately 
designated conservation landowners responded rather similarly than their non-conservation 
neighbors, only reducing average annual harvests by 2%. This suggests that private conservation 
land management might emphasize more commercial activities compared to public lands. In 
addition, these landowners may harvest more high-quality sawlogs to offset the diminution in 
income and/or fund their multi-use objectives. Fully converting all remaining non-conservation 
lands to privately managed conservation could decrease pulplog harvests by 4%, but then 
increase sawlog supply by about 0.5%. These results are similar to previous findings that 
conversion to conservation makes landowners less likely to harvest pulplogs and more likely to 
harvest sawlogs. For example, Owley and Rissman (2016) estimated that 24% of forest 
conservation easements opened their land to harvest, and suggested that although their 
management objectives are often more complex than those on standard private land, timber 
harvests were generally less restrictive. Furthermore, MLTN (2018) indicated that approximately 
85% of conserved lands are managed as working forests. Related to this, Sims et al (2019), found 
that designating areas in New England as large protected private timberland could have a 
positive impact on regional employment, particularly in areas far from major cities, as in the case 
of Maine.  
 The finding that private conservation forestland owners respond similarly to their private 




levels of 21% of total forest area in the state, particularly as Maine’s residents continue to place 
more emphasis on the recreation and ecosystem services that its forests can provide, and industry 
continues to divest their forestland holdings. With improved management, Maine’s forests have 
the potential to produce considerably more high-quality timber per land area, while maintaining 
other forest values, particularly carbon. This could also ensure that the stumpage prices remain 
high in globally competitive market. Furthermore, as more emphasis could be placed on 
diversifying Maine’s forest products industry in the future, landowners may have more 
opportunities to supply timber for a wider range of products, including wood pellets, liquid 
biofuels, mass timber, composite wood products, and other bio-based products. Collectively, 
these emerging wood products could stimulate market demand, further encouraging sustainable 
harvesting and healthy forest management in the state. Further research should consider the 
expectation that global change will alter rates and patterns of tree growth and mortality as well as 
how a wider array of socio-economic drivers may influence regional supply and demand for 
harvested wood products. Research that also explores the impacts of non-timber markets and 
land use policies such as forest carbon offset programs that are also expected to be part of the 
emerging change in how Maine’s forests are utilized in the upcoming decades would also be 
useful extensions of this model and related timber supply projections. 
 Like Kuehne et al. (2019), we would generally conclude that harvesting trends across a 
diverse set of forest and market conditions in Maine would suggest that it might be less 
opportunistic and short-term driven than generally perceived. However, we acknowledge that our 
analysis has some limitations, particularly because econometric modeling is only as robust as the 
data available. First, the mean annual county-level stumpage price data does not necessarily 




across species. Second, FIA plots are relatively small (1/60 ha) and are only sampled once every 
five-years, limiting our simulations to 5-year averages. Third, public FIA data do not 
differentiate across private landowner type (e.g., corporate, non-industrial, etc.), so we are unable 
to assess the potential impact that this might have on harvest levels. Fourth, the state’s 
megaregions are primarily defined by political boundaries, not necessarily ecological or 
socioeconomic similarities, thereby restricting some broader model inference. Fifth, we do not 
assess harvests at the species level, which has been found to be important (e.g., Kuehne et al. 
2019)  and would have implications on the timber demand side of the market (i.e., pulpmills and 
sawmills only process certain species). Other model and data limitations that could be explored 
in future research include improving the estimation of harvest costs, land values, and proxies that 
represent non-timber and amenity values that landowners take into consideration. Despite these 
limitations, we believe that our approach to modeling the complex timber harvesting patterns 
across a diverse array of both private, public, and conservation owners can be leveraged to 







MAINE’S FUTURE TIMBER SUPPLY AND CARBON SEQUESTRATION UNDER 
SHARED SOCIOECONOMIC PATHWAYS 
2.1. Introduction 
 Forests are major contributors to the terrestrial carbon sink, absorbing or emitting CO2 
emissions through actions such as actions such as afforestation, forest management, and reduced 
deforestation (Sohngen and Mendelsohn, 2003; Canadell et al., 2007; Canadell and Raupach, 
2008; Wei, 2020). The forest sector plays a key role in meeting climate targets that carbon 
storage in forest offset roughly 11% of national emissions from all sectors (Domke et al., 2020; 
Hockstad and Hanel, 2018). Many factors could strongly impact the forest landscape and harvest 
volume at multiple scales, having an effect on the forest sector’s climate change mitigation 
potential (Daigneault and Favero, 2019). Climate change also poses a direct threat to forest 
ecosystems through longer growing seasons, species range shift and disturbance (Hansen et al., 
2001; Moore and Allard, 2008). In addition, economic and social changes, and land-use change 
will also have impacts on forests and their ability to provide timber products, carbon, and other 
ecosystem services.  For example, forest management strategies can increase forest resilience 
and carbon storage, and have impacts on the harvested materials types (e.g., pulplogs and 
sawlogs) (Nunery and Keeton, 2010), which also change the GHG fluxes based on their emission 
profile associated with its production and use (Hennigar et al., 2008). To reduce vulnerability 
and enhance resilience, as well as adaption to climate change, it is necessary to understand and 
project future trends in forest growth, harvests, and carbon sequestration. 
 The Shared Socioeconomic Pathways (SSPs) developed by O’Neill et al. (2014) provides 




developments, including sustainable development, middle-of-road development, regional rivalry, 
inequality, and fossil-fuel development (Riahi et al., 2017). There are wide range of applications 
of the SSP framework on forest sector, such as developing global land use changes or forest area 
under future socioeconomic futures (Chen et al., 2020; Nepal et al., 2019; Popp et al., 2017; 
Riahi et al., 2017), estimating bioenergy supply (Daigneault and Favero, 2019; Lauri et al., 
2019), projecting forest land based GHG flux (Favero et al., 2017b; Jones et al., 2019) and 
carbon stored in harvested wood products (Johnston and Radeloff, 2019). However, most studies 
focus on global storylines, although national or subnational trends are also important for future 
SSP framework applications to reflect local unique situations (Absar and Preston, 2015; Frame et 
al., 2018; Riahi et al., 2017). Our study area is based on a state level analysis for Maine, USA, 
which is locate in the northeastern part of country.  Maine contains an estimated over 7 million 
ha of forest land covering 89.1% of the land area in the state (Butler, 2018). Its forest product 
industry comprises a noticeable portion of Maine’s economy, accounting for nearly 5% of the 
state’s gross domestic product (MFPC, 2016). Further, the state’s existing forest stock and 
harvested wood products sequester more than 12 million tons carbon dioxide equivalent per year, 
or more than 70% of the state’s gross GHG emissions (Bai et al., 2020). This part of the 
dissertation extends Chapter 1 by applying an economic model of the Maine forestry sector to 
project the potential impacts of SSPs on timber harvests, forest growth and carbon across the 
state. To do this, I first develop five Maine forest sector socioeconomic narratives that are 
aligned with the global qualitative SSP narratives literature. I then translate these narratives into 
detail quantitative scenarios on forest sector through linking these future assumptions with the 
economic model.  The model is then run for each of the SSPs to model potential impacts under 





2.2.1. SSP Scenario Construction 
 Global level SSPs have been developed to shape alternative socioeconomic development 
trends over this century.  The process of developing the SSPs in forest sector is driven by the 
general principles of global SSP and the local characteristics of Maine. As O’Neill et al (2017) 
mentioned, the extended SSPs would be able to incorporate more detail information for 
particular sectors or regions (e.g., Frame et al., 2018). This analysis assumes five alternative 
scenarios, modeled based on SSPs narratives, which shape the possible evolution of 
socioeconomic futures and potential challenges to mitigation and adaptation to climate change 
(Figure 5). SSP1 shifts towards a sustainable development, facing low socio-economic 
challenges to adaptation and mitigation. SSP2 follows a middle-of-the road development that 
does not shift much from historical patterns. SSP3 is characterized as a regional rivalry that 
focuses on more local/regional issues and competitiveness, facing high socio-economic 
challenges to adaptation and mitigation. SSP4 describes the inequality development of regional 
disparities in Maine. SSP5 assumes as rapid development due to continued reliance on fossil 
fuels and advanced technologies. Daigneault et al (2019) developed five SSP narratives for the 
global forest sector in Figure 5, and we build these SSPs for Maine’s forest sector. Major 
socioeconomic elements include economic growth, wood product demand, land use regulation, 
and technology development, which are summarized in Table 6.  Each SSP is described in more 





Figure 5. Five shared socioeconomic pathways (SSPs) for the global forest sector. Developed 
from (Daigneault et al, 2019; O’Neill et al., 2017b). 
SSP1 - Sustainability  
 Maine strictly implements natural climate solutions and acquires technological and policy 
innovation to reduce emissions. Land use is considered an important source of climate change 
mitigation and forest owners and agriculturalists receive incentives to enhance carbon 
sequestration and reduce GHGs. Set-aside forest areas for nature conservation and biodiversity 
are significantly increased, most forestland are participated in third-party certification programs 
(e.g., SFI, FSC). Average harvest intensity is reduced and in turn there is more focus on effective 
intermediate management such as thinning. Encouraging more land connection may include less 
of a focus on market-based values through forest management (Butler et al., 2016), thus the 
conservation motivation and action of family forest owners will encourage land connection 
through the fostering of amenity values. The developed sustainable and efficient logging 




(e.g., cellulosic energy and fuels) and increasing markets for ecosystem services, the value of 
wood products and forestland may increase and drive additional investments. As the market for 
biomass, payments for carbon sequestration, watershed protections, or other ecosystem services 
become more common, the types of lands TIMOs and REITs will seek diverse investments and 
land management practices for environmental and social considerations. 
SSP2 – Middle of the road 
 There are not obviously differences in social, economic sector and technology, also no 
fundamental shifts in patterns of land use, consumption of forest products, and forest 
management in Maine from historical trends. Widespread forest owner participation in 
certification programs and some also in functioning carbon sequestration markets. With raising 
concerns about sustainability and mitigation, bioenergy consumption moderated increase in 
response to the high GHG emissions from fossil fuels. The moderate technological development 
reduces harvest and transportation cost relative to today, which also encourages moderate 
increase in wood production efficiency. 
SSP3 – Regional rivalry 
 Maine and the US becomes increasingly compartmentalized due to concerns about 
competitiveness and security. Maine’s forest use has very few regulations, and most of the 
policies around clearcutting, riparian management, and sediment control in place today have 
been rolled back. There is limited regulation on land-use change, and the participation in carbon 
sequestration markets delayed. Carbon prices are imposed on the forest sector, but heavily 
discounted relative to prices on energy- and industrial-based GHGs. Slightly technological 
improvement could not substantially reduce management and transportation cost, also could not 




SSP4 – Inequality 
 Large disparities in political power and economic opportunity resulted in inequality 
development between northern and southern Maine such that the forest use and land use 
regulation are strict implemented in southern region, while loosely regulated in northern Maine. 
Unlike the northern part, southern Maine landowners are eager to participate in climate change 
mitigation and pay more attention to sustainable management and environmental consideration. 
Traditional wood products and woody biomass-based energy are still the dominant drivers in 
forest-based economy in northern Maine. In southern Maine, landowners focus more on 
ecosystem services and carbon sequestration during the management of natural resources, 
encouraging more land connection, conservation land, and efficient wood production. 
Fossil-fueled development 
 Maine has a rapid growth in energy- and resource-intensive development, characterized 
with competitive markets, advanced technologies, and fossil fuel-based development. Rapid 
technological change and rising investment increased forest yields and more wood production.  
Forest use and land use are moderately regulated, Maine has some participation in climate 
change mitigation, but landowners receive limited incentives to enhance carbon sequestration 
and reduce GHGs emissions. Increased access to global markets increases the demand for and 
export of Maine wood products, woody biomass-based fuels slight increased even though fossil 




Table 6. Key elements for Maine forest sector shared socioeconomic pathways (SSPs) 
Variable Descriptive SSP1 SSP2 SSP3 SSP4 SSP5 
PriceSawCounty 
Mean 5-year county-level price of sawlogs 
($/ton) 
GFPM / GLOBIOM / GTM Prices (Daigneault et al., 2020)  
 
PricePulpCounty 
Mean 5-year county-level price of 
pulpwood ($/ton) 
LagBio 
Standing biomass (t/ha) in the previous 
period 
n/a n/a n/a n/a n/a 
Growthsaw Growth volume of sawlogs after harvest  n/a n/a n/a n/a n/a 
Millsaw 
Number of sawmills within 50 km radius 
buffer 
High Constant Low Medium High 
Millpulp 
Number of pulp mills within 50 km radius 
buffer 
Medium Constant Low Constant High 
LandValue 
Average ad valorem value of forestland by 
municipality ($/ha) 
Increasing Constant Decreasing Varies Increasing 
Conservation 
Non-conserved Decreasing Decreasing Increasing Decreasing Decreasing 
Private conservation lands Increasing Increasing Decreasing Increasing Increasing 
Public conservation lands Increasing      Constant Decreasing Increasing Increasing 
Elevation Elevation (meters) Constant Constant Constant Constant Constant 
Coastal Dummy variable (1 = coastal county) Constant Constant Constant Constant Constant 




2.2.2. Model Framework and Integration with SSP Scenarios 
 A stand-level harvest choice model (Zhao et al., 2020) was applied, which employed a 
utility maximization framework to analyze the management decisions of landowners. It was 
developed on a 5-year time step from 2002 to 2016, using USDA Forest Service Forest Inventory 
and Analysis (FIA) data from over 9,000 observations plots in Maine. Growing stock volume 
functions were calculated by regression analysis of no harvest activity plot records. I aggregated 
timber supply through interpolation of the predicted individual stand harvest decisions and 
corresponding harvest intensities to account for all ~7 million ha of forested area in Maine. I 
updated this harvest choice model presented in Chapter 1 to extend the time horizon from 2016 
to 2100. The harvest choice model is parameterized using a combination of plot- and region-
specific characteristics such as stand type, site location, stumpage price, and other key factors. 
This equation can be mathematically expressed as: 
𝑚𝑎𝑥𝑈𝑝,𝑠 = 𝛽0 + 𝛽1 ∗ 𝑃𝑟𝑖𝑐𝑒𝑆𝑎𝑤𝑐𝑜𝑢𝑛𝑡𝑦+𝛽2𝑃𝑟𝑖𝑐𝑒𝑃𝑢𝑙𝑝𝑐𝑜𝑢𝑛𝑡𝑦 + 𝛽3 ∗ 𝐿𝑎𝑔𝐵𝑖𝑜+𝛽4
∗ 𝐺𝑟𝑜𝑤𝑡ℎ𝑝,𝑠+𝛽5 ∗ 𝑀𝑖𝑙𝑙𝑠𝑝,𝑠+𝛽6𝐿𝑎𝑛𝑑𝑉𝑎𝑙𝑢𝑒 + 𝛽7 ∗ 𝐶𝑜𝑢𝑛𝑡𝑦+𝛽8 ∗ 𝐻𝑖𝑔ℎ𝑤𝑎𝑦𝐷𝑖𝑠𝑡
+ 𝛽9 ∗ 𝐶𝑜𝑛𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛 + 𝛽10 ∗ 𝐸𝑙𝑒𝑣𝑎𝑡𝑖𝑜𝑛 + 𝛽11 ∗ 𝑌𝑒𝑎𝑟 + 𝜀 
Equation 13 
where PriceSaw and PricePulp are sawlog and pulplog stumpage prices ($ t-1), LagBio is the 
amount of standing biomass on the stand in the previous period (dry t ha-1 yr-1), Growth is 
biomass growth between periods (dry t ha-1 yr-1) without harvesting, Mills is the number of mills 
within a specific buffer around the plot, LandValue is the assessed forestland value ($ ha-1), 
County is the respective Maine county, HighwayDist is the distance from the plot to a primary 




status (0 = non-conservation; 1 = public conservation;, 2 = private conservation), Elevation is the 
elevation of the plot (meters), and Year is the period that the plot was sampled (2007-2016). 
 Table 7 provides the general parameterization of the model relative to the following the 
descriptive SSP narrative. As of 2018, about 21% of Maine’s land was conserved, with a 
majority of this held privately in the form of fee or easements (MEGIS, 2019), 24% of total 
forestland is assumed as conservation land by the end of century in SSP2, which follows the 
historical trend. Conservation lands tend to shrink to only 14% of total forest land by 2100 in 
SSP3 and expand highest to 34% in SSP1. SSP4 has a similar amount of conservation area to 
SSP2 but has a greater spatial location disparity as most conservation land expands on the 
southern region.  
Transportation cost is represented as the distance from individual FIA plots to nearest 
highways, and is set as constant in SSP3, assuming no innovate technologies and lack in 
infrastructure. By 2100, road distance is decreased 40% in SSP5, followed by 25% in SSP1 
compared to year 2016. Road distance change is also spatially uneven in SSP4, with most 
reductions located in the southern region.  
The number of saw and pulp mills within a 50 km radius buffer served as a proxy for 
local demand, and the numbers are not changed in SSP2, and decreased by 30% in SSP3 by the 
end of century compared to 2016. SSP5 shows both high demand for sawlogs and pulplogs that 
increased by 40%, SSP1 also assumes increased wood demand but more in sawlogs with a 40% 
increase in sawmill numbers and only a 20% increase in pulpmills.  
Forest value reveals the opportunity cost for development. It is assumed to be the highest 





Table 7. Overview of harvest choice model assumptions for SSP scenarios (percentage changes from 2020 to 2100) 
Model Component SSP Element Representation Model Parameters SSP1 SSP2 SSP3 SSP4 SSP5 
Land-use sector 
       
Conservation 
Private conservation lands 𝛽9 19.5% 14.3% 6.5% 14.3% 15% 
Public conservation lands 𝛽9 14.5% 9.6% 7.7% 10.6% 12% 
Market demand        
Wood Product (Price) 
Forest product demand 𝛽1, 𝛽2 
GFPM / GLOBIOM / GTM Price (see Table 8) 
Sawmills Forest product demand, 
technological change 
𝛽5 40% 0% −30% 20% 40% 
Pulpmills Forest product demand, 
technological change 
𝛽5 20% 0% −30% 40% 40% 
Road distance 
Technological change 𝛽8 −25% −10% 0% −20% −40% 
Forestland value Environmental value and 
opportunity cost 




 Historical stumpage prices were obtained from (Maine Forest Service, 2018b), where 
annual prices vary by county, product, and species. The future estimates of stumpage price from 
2020 to 2100 are obtained from a forest model intercomparison project that utilizes three global 
forest sector models: Global Timber Model (GTM), Global Forest Products Model (GFPM) and 
Global Biosphere Management Model (GLOBIOM). GTM is a dynamic optimization forest 
management model (Daigneault et al., 2012; Sohngen et al., 1999) and produces global market 
clearing price with the international timber market assumption. GFPM, described in Buongiorno 
et al. (2003) and GLOBIOM, developed by the International Institute for Applied Systems 
Analysis (IIASA) are also economic models of global production, consumption and trade of 
forest products, capturing the multiple interrelationships between different systems involved the 
in provision of agricultural and forestry products and draws on comprehensive socioeconomic 
and geospatial data. Price outputs from these global partial equilibrium models have large 
variations across socioeconomic pathways, and we capture these price trends via price change 
rate and simulated same trends based on baseline prices (Table 8). 
 In this analysis, we integrate key elements of different SSPs from Table 7 and Table 8 
into the model framework to estimate future scenarios of wood harvest, forest stock, and carbon 
sequestration. We also calculate the forest-based carbon storage to explore its magnitude and 












SSP1 SSP2 SSP3 SSP4 SSP5 SSP1 SSP2 SSP3 SSP4 SSP5 
Sawtimber Price Pulpwood Price 
GFPM 
Mean 0.2% 0.2% 0.1% 0.1% 0.3% 0.2% 0.2% 0.1% 0.1% 0.3% 





















Mean 0.2% 0.2% 0.0% -0.1% 0.4% 0.1% 0.1% -0.2% -0.1% 0.4% 





















Mean 0.9% 0.8% 0.9% 0.7% 1.2% 0.7% 0.9% 0.6% 0.6% 1.3% 























2.2.3. Carbon Calculation 
 This analysis also extends the model presented in Chapter 1 by quantifying the amount of 
carbon in Maine’s forest growing stock and harvested wood products (HWPs). Aboveground 
carbon (AGC) stocks were estimated assuming that carbon comprised 50% of aboveground 
biomass (AGB). We also account for carbon stored in harvested wood, as some part of harvested 
wood carbon is stored in long-term products and contributes to long-term carbon storage (Smith 
et al., 2006). Based on (Smith et al., 2006), we assume that an average of 32% and 22% of C 
contained in harvested saw and pulp logs is stored in wood products and landfills after 100 years 
(Figure 6). Based on 2016 harvest levels for softwood and hardwood sawlogs and pulp (Maine 
Forest Service, 2018c), this equates to about 24% of total harvested C.  
 







2.3.1. Timber Harvest 
 
Figure 7. The total timber harvest volume (a-c) with separate stumpage prices from GFPM, 
GLOBIOM, and GTM and mean harvest volume (d) under baseline and SSPs scenarios. 
 If recent trends continue (i.e., Baseline), timber harvests were estimated to increase by 
1.07% per year (from 6.4 million metric tons (MMT) in 2016 to 15.7 MMT in 2100). Stumpage 
prices have been identified as positive drivers of harvest volume changes. The highest price path 
increases at a rate of 0.9%-1.7% per year (Table 8) from GTM in SSP5, contributing to the most 
considerable timber harvest fluctuations among all scenarios results (Figure 7c). The lowest price 
increase rate (or highest decrease rate) from GLOBIOM in SSP3 led to the least harvest volume 
(Figure 7b). Different stumpage price changes from GFPM, GLOBIOM, and GTM changed the 
magnitude and variations of harvest volume among these five scenarios. Between 2020 and 
2080, the mean timber harvest volume increased by 1.39% per year in SSP5 and 1.23% in SSP1, 
and in SSP2 and SSP4, they increased at a similar rate to them in baseline (1.18%). Timber 




rank order of harvest volume increase rate is primarily a result of market demand (e.g., stumpage 
price), environment value (e.g., conservation land area), opportunity cost (e.g., land value) and 
harvest cost (e.g., distance to highway). 
 
Figure 8. Simulated pulplogs (solid line) and sawlogs (dotted line) with separate stumpage prices 
from GFPM, GLOBIOM and GTM (a-c) and mean harvest volume (d) under baseline and SSPs 
scenarios. 
 Both volumes of sawlogs and pulplogs harvest were estimated to increase in the baseline 
but at different rates. On average, pulplogs harvest increased by 1.49% per year, while sawlogs 
harvest increased by 1.08% per year. The sawlog harvest was initially lower than pulplog harvest 
but surpassed it after 2070. This result is mainly driven by changes in the paper board market and 




a significant influence on timber supply. The projected higher sawlog price increases are 
expected to drive a higher sawlog harvest increase rate than pulplogs harvestings. 
 
Figure 9. Mean aboveground biomass (AGB) (tons/ha) after harvesting simulated under baseline 
and SSPs. 
 Although Maine's forests were expected to face increasing logging in the coming 80 
years, if current trends continue, the forest was grown at a rate of 0.71% per year since 2016, 
accumulating extra 81% above ground biomass (AGB), as shown in Figure 9(black line). 
However, the rapid harvesting rate in SSP5 (Figure 7d) limited the accumulation rate of AGB, 
which tends to be stable since the middle of this century, indicating that the harvest rate is 





2.3.2. Forest Carbon Stocks  
 
 
Figure 10. Carbon storage in Maine (MMT): carbon stored in pulp, saw, and total harvested 
wood products (a-b); left AGC stock after harvesting (c); total carbon storage by HWP and AGC 
(d) simulated under baseline and SSPs. 
 If current trends continue, forest carbon stock were estimated to accrue to 1.81 times the 
2016 carbon stock by 2100, increasing by 0.71% per year (Figure 10d, black line). Forest carbon 
stocks were estimated to increase across all SSPs, but at different rates. SSP3 and baseline 
scenarios had higher accumulating carbon stock rates, which were mainly driven by 




0.39% per year in SSP5, it hardly changes after 2080 due to the high harvesting volume-
constrained biomass accumulation rate and the remaining carbon stock in the forest (Figure 10 
C3).  
2.3.3. Sensitivity Analysis  
 By constraining future price changes, we performed a sensitivity analysis on stumpage 
price to determine whether the price change is the main factor that drives the shift in harvest 
volume or carbon storage. In other words, the future price growth rate led to the largest 
difference between the different SSPs. Results suggested that price is a larger contributor to the 
carbon accumulation rate, because the harvest and carbon reserves accumulate steadily with little 
fluctuation when the price is unchanged. SSP1 and SSP5 were more sensitive to price changes. 
Without price changes, carbon stocks in SSP5 lose 10% by 2100, while carbon stocks in SSP4 
only changed 0.4%, which is also consistent with the inputs of price growth rate in Table 8. 
Although price changes amplified the differences between all SPPS, they did not change the 
ranking order between SPPS. That is, market demand is only one major element driving the 
magnitude of timber supply and carbon stock. Other elements, such as environmental value (e.g., 
conservation land area), opportunity cost (e.g., land value) and harvest cost (e.g., distance to 





Figure 11. Total annual timber harvest volume (MMT/yr) (a) and total carbon storage (MMT C) 
(b) simulated with variable (solid) or constant (dotted) timber prices. 
2.4. Discussion 
 Our study provides a model framework for translating these broad SSP narratives into a 
region-scale forestland scenario for the future.  The approach is based on a harvest choice model 
rooted in the historical dataset and modified and extrapolated to 2100 by different SSP narratives 
based on key aspects (e.g., stumpage prices, conservation land area, distance to highway, 
regional mill demand). 
 Of all the pathways, with big differences in future stumpage prices, there are 
correspondingly big differences in timber harvesting and carbon storage. Higher stumpage prices 
contribute to larger timber harvests, and may encourage land to remain in the forest land use 
under more intensive management (Daigneault and Favero, 2020). Higher sawlog price increase 





 From 1997 to 2007, Maine’s annual harvest volume stabilized at nearly 6.8 MMT. Since 
then, the annual harvest has declined slightly, possibly due to lost mill capacity and economic 
conditions. Under the base scenario, the harvest is projected to be 6.42 MMT in 2020, more than 
doubling by 2075 and continuing to increase at a rate of 0.109 MMT/yr until 2100. The harvests 
under other SSP scenarios continued to increase from 2020 to 2075 at the rates of 0.108 MMT/yr 
in SSP3, 0.112 MMT/yr in SSP2 and SSP4, 0.133 MMT/yr in SSP1, and 0.154 MMT in 
SSP5/yr. From 2080 to 2100, harvest levels under all SSP scenarios showed a downward trend 
but were still higher than the recent trend. This analysis suggests that Maine forestland has great 
potential for additional growth and harvest. These results were mostly derived from our 
parametric growth curve (based on FIA data) and assumptions about future social-economic 
development. While our growth curve appears to show relatively steady increases in Maine’s 
forest biomass over the next century - which stimulates harvests in our model - we will explore 
whether more detailed yield modeling in different climates would affect estimated results (see 
Chapters 3 and 4). 
 Under the baseline scenario, the Maine forest sector is still expected to remain a net 
carbon sink, growing by nearly 0.71% per year or 3.55 MMT C/yr (AGB and HWP). The 
number is similar to (Bai et al., 2020) that annual increase in stored carbon (living biomass and 
HWPs) in Maine forest-based carbon was 3.43 MMT C.  For comparison, Domke et al. (2020) 
used FIA data to estimates that Maine’s forests currently sequester about 3.4 MMTC/yr and are 
growing by 0.68% per year. The results of most scenarios suggest that, both AGB and carbon 
stocks are likely to continue to increase over time, except for SSP5. Our analysis indicates that 
sustainable management forest conservation and management strategies must be used to regulate 




 Our results are somewhat different than global level assessments like Daigneault and 
Favero (2020) and Popp et al (2017). For example, these studies found that global carbon stocks 
in SSP3 were low due to land use change and low investment. Conversions of forest land are 
often the largest source of emissions within land use, land-use change, and forestry (Domke et 
al., 2020). In our study, Maine’s forest area was held constant across all scenarios. As a result, 
under our assumption, harvesting will be the main effects on carbon stock in the remaining 
forestland. Therefore, the order of change in AGC is opposite the order of harvest volume across 
all scenarios. When accounting for the carbon stored in harvested wood products, the order of 
changes in the total carbon stock still follows the AGC trend. This is possible because the carbon 
stored in harvested wood products is only 3.2% of total C on average.  
 Most SSPs narratives are developed on global pathways, limiting insights at national and 
regional levels. National and local scenarios are not simply downscaled global or regional 
scenarios because local elements could overwhelm the effect of global parameters (Ausseil et al., 
2019). Only a few studies have been developed SSPs on a regional level, examining stories of 
regional development, and linking to regional assumptions of the SSPs. Daigneault (2019) linked 
the Global Timber Model (GTM) with a national economic land use model to develop a detailed 
assessment of how the forest sector in New Zealand could evolve under the five SSPs. Ausseil et 
al. (2019)  also integrated a global economic trade model at the national level with landscape 
models to conduct a site-specific assessment in a lowland  environment of New Zealand. Palazzo 
et al. (2017) downscaled global partial equilibrium models (GLOBIOM and IMPACT) results 
for West Africa. Hu et al. (2018) built a national statistical approach to study possible 
developments of the forestry sectors under the five SSPs and their products at a Norwegian level. 




level statistical choice model. This regional model framework could emphasize local issues and 
is suitable for being applied to other sectors (e.g., agriculture) and regions. Overall, this approach 
can help to establish a bridge between global scenarios and a more narrowed analysis for 








CLIMATE-DRIVEN CHANGES IN FOREST SUCCESSION AND THE INDUCED 
HARVESTING EFFECTS ON FOREST CARBON DYNAMICS IN MAINE 
3.1. Introduction 
 The climate of the Northeastern US is predicted to be increasingly warmer in the future 
and will significantly impact the structure and function of the forest landscape. Warmer 
temperatures and changed precipitation will directly impact tree growth and mortality. The 
climate-induced changes in natural disturbance, such as fire frequency and intensity, spruce 
budworm and drought may also trigger more rapid alterations in forest communities (Boisvenue 
and Running, 2006; Chen et al., 2019; Wei et al., 2018; Wei et al., 2020). This is particularly the 
case in the state of Maine. Maine is the most heavily forested state in U.S. Nearly 89% of 
Maine’s land area is forest, which sequesters the equivalent of over 60% of the state's annual 
carbon emissions. Meanwhile, the forest product industry comprises a noticeable portion of 
Maine’s economy, providing around $8 billion in economic impacts, accounting for nearly 5% of 
the state’s gross domestic product (Maine Forest Products Council, 2016). However, Maine’s 
forest is characterized as a transitional ecotone. The broad mixture of boreal forest and central 
hardwoods species might have different degrees of vulnerability to the changing climate 
conditions. Janowiak et al. (2018)  conducted a vulnerability assessment for forests in the 
Northeast, and suggested that northern and boreal species (e.g., balsam fir, red spruce, and black 
spruce) may fare worse under future conditions, but other species (e.g., hardwoods, pitch pine-
scrub oak forests) may benefit from projected changes in climate. Other research has also 




(Boulanger et al., 2017).  Forests are a vital part of the carbon cycle, both storing and releasing 
this essential element in a dynamic process of trees’ photosynthesis, growth, decay, and 
disturbance. Increasing temperature and decreasing growing season precipitation are likely to 
drive changes in carbon sequestration of these forests (Tian et al., 2016). Climate-induced 
changes in growth and harvest trends will also influence carbon stored in the forest. Even though 
a large part of harvested biomass C is emitted immediately to the atmosphere, a portion of the C 
remained in harvested wood products. The trade-offs between the ability of forests to adapt to 
climate change and forests contribution to climate change mitigation through carbon 
sequestration are worthy of being weighted for better forest management (Steenberg et al., 2011). 
A growing concern exists that climate change will threaten ecosystem function. It is essential to 
assess the range of potential future changes in the northeastern forest landscape and estimate the 
potential future ability of northeastern forests to sequester carbon. Simulation results are more 
informative for local forest managers to develop sustainable and effective management practices 
to adapt to climate change. 
 In this chapter, we integrated a forest landscape model (LANDIS-II) and a stand-level 
harvest choice model to explore and assess the impacts of climate-induced changes on forest 
landscape and harvest volume in Maine. Specifically, we assessed how the total and species-
level live aboveground biomass (AGB), aboveground carbon (AGC), growing stock, and 
harvests would change under five climate scenarios, including a current climate baseline and four 
relative concentration pathways (RCP) that represent different levels of climate change. The 
simulated AGB values were used as input data in a harvest choice model by 5-year time step ot 
estimate the climate induced harvest volume, forest stock, and carbon stored in AGB and 





 To estimate the climate change effects on forest growth, we used a spatially explicit 
forest landscape modelling framework LANDIS-II v7.0 (Scheller et al., 2007; Wei and Larsen, 
2018) as well as its PnET-Succession extension v3.4 (de Bruijn et al., 2014). LANDIS-II is a 
well-known forest landscape model (FLM) that has already been applied in a variety of climate 
change research. It is designed to simulate broad-scale (>105 ha) forest landscape dynamics with 
different simulation extensions in user-defined time step (≥1 year) (Scheller and Mladenoff, 
2007; Wei and Larsen, 2019), including succession, competition, cohort growth, biomass 
accumulation, insect disturbance, carbon fluxes, and impacts of climate change (Dymond et al., 
2016). The model allows landscape conditions and forest dynamics to be parameterized using 
empirical data that reflect historical conditions. The PnET-Succession extension implements 
succession in each grid cell with cohorts defined by age ranges and including biomass per cohort. 
It can simulate cohort biomass changes due to climate change by simulating each cohort 
regenerates, ages, and dies. The model also simulates the annual net primary productivity 
(ANPP) and AGB.  
The LANDIS-II model and PnET-Succession extension require information on the study 
area landscape, tree species coverage, forest stand age, tree species parameters, disturbance 
information, and weather. The stand-level harvest choice model in Zhao et al. (2020) is used to 
improve the precise estimate harvest volume, proportion of carbon stored rates are used to 
estimate carbon storage in HWP. The schematic diagram in Figure 12 depicted how we 





Figure 12. Schematic diagram of data and models applied in this analysis. 
3.3. Model Parameterization and Calibration 
3.3.1. Climate Data 
 We modeled forest responses to five different climate scenarios: current climate and 
projections from two climate models (CCSM4 and HADGE), driven by low (RCP2.6), moderate 
(RCP 4.5, RCP 6.0) and high (RCP 8.5) emission scenarios. Climate data comprised of monthly 
maximum and minimum temperatures as well as monthly precipitation are obtained from USGS 
Geo Data Portal (https://cida.usgs.gov/gdp/). Historic climate data are used to grow trees 
biomass up to the model start time (2006) during model spin-up.  The scenario period starts 2006 
and runs through 2100. Climate change in the current baseline simulation is based on randomly 
assigning 30 years of observed climate (1975-2005). Future climate change data are outputs from 
Hadley global environment model v2-earth system (HadGEM2-ES) and community climate 
system model v4.0 (CCSM4 model) participating in the Coupled Model Intercomparison Project 
Phase 5 (CMIP5).  Thus, we download 24 climate scenarios based on 4 emission scenarios 




HADGEM2-ES. According to these climate scenarios, the annual mean temperature in Maine 
would increase at a higher rate than past, warmer by about 1.2°C (RCP2.6) - 6.9 °C (RCP8.5) by 
2100. The average annual precipitation is projected to increase at a rate of 0.044 - 0.125 inches 
per year, higher than the past 0.045 inches per year during 1950-2005, adding additional 4.2 
inches (RCP2.6) - 11.8 inches (RCP8.5) by 2100 in Figure 13. We assumed that CO2 remained 
constant at 390 ppm during the simulation for all climate scenarios.  
 
Figure 13. Annual average temperature (°C) (a) and annual total precipitation (inches) (b) across 
Maine during 1950-2100.  Gray dotted linear lines capture past trends (1950-2005), red dotted 
linear lines depict future trends under the highest emission scenario (RCP8.5) since 2006. The 




3.3.2. LANDIS-II Model 
 The input landscape contains interacting cells with user defined resolution, and an 
individual cell has homogeneous forest cover, light and soil conditions (Scheller and Mladenoff, 
2007). In our simulation, we used a 2700×2700-cell map to represent Maine’s forest landscape, 
with the cell size within that landscape set at 100×100 meters (Figure 14). The simulated forests 
included thirteen tree species, including American beech (Fagus grandifolia), Balsam fir (Abies 
balsamea), Black spruce (Picea mariana), Red spruce (Picea rubens), White spruce (Picea 
glauca), Big-tooth aspen (Populus grandidentata), Eastern hemlock (Tsuga canadensis), Paper 
birch (Betula papyrifera), Red maple (Acer rubrum), Sugar maple (Acer saccharum), White 
cedar (Thuja occidentails), White pine (Pinus strobus), and Yellow birch (Betula 
alleghaniensis). Tree species are represented in each grid cell as 5-year age cohorts, where forest 
composition and structure information in each cell were initialized using forest properties data 
obtained from US Forest Service Forest Inventory and Analysis (FIA). We then used a Python 
script to randomly generate stands on the landscape. In accordance with LANDIS-II, the time 





Figure 14. Example of uniform landscape of total aboveground carbon for Maine LANDIS-II 
simulation 
3.3.3. Simulation Design 
 For each climate forcing scenario, we ran the LANDIS-II simulations with four replicates 
for 100 years at 10-year time steps starting in the year 2000. Natural disturbances as well as 
harvests were not included in the simulations, as the focus was on isolating the forest growth 
changes from anthropogenic forcing impacts. Model parameters were calibrated in spin-up phase 
with historic climate data (1950-2005), as initial biomass growing up to the biomass reported in 
the FIA data. Calibrated baseline parameters were then run for the 2016-2100 period for all 
simulations. The stochastic variation among replicates was minor, so we used the mean value 
AGB comparisons and visual inspection of graphs to assess trends among RCPs. The model was 
primarily calibrated through the comparison of simulated results at the initial year (i.e., spin-up 




3.3.4. Harvest Model 
 The multi-period, multi-type harvest choice models from Chapter 1 were reduced to 
better integrate with simulated LANDIS-II results. The harvest choice model was parameterized 
using a combination of plot- and region-specific characteristics such as stand type, site location, 
stumpage price, and other key factors. This equation can be mathematically expressed as: 
𝑚𝑎𝑥𝑈𝑝,𝑠 = 𝛽0 + 𝛽1 ∗ 𝑃𝑟𝑖𝑐𝑒𝑆𝑎𝑤𝑐𝑜𝑢𝑛𝑡𝑦+𝛽2𝑃𝑟𝑖𝑐𝑒𝑃𝑢𝑙𝑝𝑐𝑜𝑢𝑛𝑡𝑦 + 𝛽3 ∗ 𝐿𝑎𝑔𝐵𝑖𝑜+𝛽4
∗ 𝐺𝑟𝑜𝑤𝑡ℎ𝑝,𝑠+𝛽5 ∗ 𝑀𝑖𝑙𝑙𝑠𝑝,𝑠+𝛽6𝐿𝑎𝑛𝑑𝑉𝑎𝑙𝑢𝑒 + 𝛽7 ∗ 𝐶𝑜𝑢𝑛𝑡𝑦+𝛽8 ∗ 𝐻𝑖𝑔ℎ𝑤𝑎𝑦𝐷𝑖𝑠𝑡
+ 𝛽9 ∗ 𝐶𝑜𝑛𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛 + 𝛽10 ∗ 𝐸𝑙𝑒𝑣𝑎𝑡𝑖𝑜𝑛 + 𝛽11 ∗ 𝑌𝑒𝑎𝑟 + 𝜀 
Equation 14 
where PriceSaw and PricePulp are sawlog and pulplog stumpage prices ($ t-1), LagBio is the 
amount of standing biomass in the stand in the previous period (dry t ha-1 yr-1), Growth is 
biomass growth between periods (dry t ha-1 yr-1) without harvesting, Mills is the number of mills 
within a specific buffer around the plot, LandValue is the assessed forestland value ($ ha-1), 
County is the respective Maine county, HighwayDist is the distance from the plot to a primary 
highway (km), Conservation is an indicator variable  that described the category of plot 
ownership status (0 = non-conservation; 1 = public conservation;, 2 = private conservation), 
Elevation is the elevation of the plot (m), and Year is the period that the plot was sampled.  In 
this analysis, all values are held constant over time, with exception of the Growth variable, which 
is modified using the simulated AGB growth from LANDIS-II. This approach allows us to 
project harvests volume under different climate scenarios, while isolating the other effects such 





3.4.1. Forest AGB 
 In the absence of future climate change and harvesting, LANDIS-II estimates that 
Maine’s forests could increase their average AGB from 118 to 276 tons/ha from 2020 to 2100 
(Figure 15, top left, black line), indicating the forest succession could result in 135% gain in total 
AGB. Climate change had a positive effect on growth, increasing total AGB by 11 t/ha to 37 t/ha 
by 2100 under the lowest emission scenario (RCP2.6) to the highest emission scenario (RCP8.5). 
This resulted in 4%-13% more biomass growth under a no-harvest case compared to the “growth 
only” simulation that assumes no climate change (i.e., current climate). Absolute AGB increases 
appeared to be mostly driven by continued recovery dynamics associated with our no harvest 
assumption.  
 In addition, the model estimated that continued recovery dynamics will drive forest AGB 
toward fast growing (eastern white pine and red maple) and shade tolerant species (red spruce, 
white spruce, eastern hemlock, white cedar) regardless of the climate scenario. Compared to the 
current climate simulation, climate change resulted in greater AGB in all thirteen species (select 





Figure 15. Trends in total aboveground biomass (AGB) for different species simulated under 
current, RCP 2.6, RCP 4.5, RCP 6.0, and RCP 8.5 climate scenarios.  
3.4.2. Harvest 
 With other factors (e.g., timber prices, harvesting cost etc.) held constant, harvest changes 
were largely driven by estimated relative changes in AGB across the different climate scenarios 
(Figure 16). That is, because our harvest choice model estimates that harvest probability 
increases with the level of forest biomass on the stand, increases in forest growth rates because 
of climate change will yield higher harvest levels.  
Total biomass harvested under RCP 4.5 and RCP6.0 remained highly similar from year 




biomass, which can incentivize harvests – partial harvesting in particular – in our harvest choice 
model. By the end of century, harvest rates surpass growth and thus tends to reduce stand 
biomass. However, decreasing levels of stand biomass will further reduces harvest. Overall, from 
2016 to 2100, Maine's harvest volume increased by 65% without climate change (from 6.9 to 9.8 
tons/year) (Figure 16, middle, black line), AGB accumulated an additional 27% by 2100 (Figure 
16, right, black line), which is less than the 135% of AGB growth in the "growth only" 
simulation (Figure 15, top left, black line). This large difference due to harvests is to be 
expected. The key finding in this case is that AGB can still grow over time with increased 
harvests. This net increase in AGB for the current scenario encourages harvesting more sawlogs 
than pulplogs. As a result, we estimated a 78% increase in sawlog harvests from 3.0 to 5.3 
million t/year from 2020 to 2100, while only a 14% increase in pulplogs harvests from 3.9 to 4.5 
million t/year under the climate baseline. 
 Climate change resulted in 11 t/ha to 37 t/ha increase in AGB between 2020 and 2100. 
The increased stand biomass stimulated 33%-41% more harvest volume by 2100 under RCP2.6-
RCP8.5. Both sawlogs and pulplog harvests increased under climate change, with a trend in 
harvesting more sawlogs than pulplogs from the middle to the end of the century (Figure 16, 
left). Before 2080, climate change encouraged more harvesting both of sawlogs and pulplogs 
than climate baseline, harvesting 3%-22% more pulplogs and 1%-16% more sawlogs (Figure 
17). After 2080, higher temperatures might impair tree growth. As a result, harvests decreased 





Figure 16. Simulated harvested pulplogs and harvested sawlogs (a); total harvested volume (b); 
left aboveground biomass after harvesting (c) under current, RCP 2.6, RCP 4.5, RCP 6.0 and 
RCP 8.5 climate scenarios. 
 
Figure 17. Harvest volume change percentage in the face of  climate change (compared to 





 In the no climate change baseline, the forest succession would keep AGC growth at a 
higher rate than 2020 (Figure 18a). Climate change increased the AGC density by 1-18 tons ha-1, 
brings a change of -2%-4% AGC in RCP2.6, and an extra 1 %-10% AGC in RCP8.5 compared 
to “growth only” scenario. Adding harvesting resulted in 0-68 tons ha-1  less AGC density, 
reducing AGC 4%-46% compared to the “growth only” simulation during 2020-2100. As the 
difference between growth rate and harvest rate narrows, AGC accumulated at a slower rate or 
even decreased after 2080.  
 The effects of harvesting will offset some of the increased amount of AGC from climate 
change. In addition, climate change effects turn to be negative on tree growth after 2080. As a 
result, the aggregate effects of forest growth (+), climate change (-) and harvest (-) will reduce 










Figure 18. Mean AGC density (tons/ha) with or without harvesting activities in current scenario 
(a); AGC density under RCP 2.6, RCP 4.5, RCP 6.0 and RCP 8.5 climate scenarios (b-e).  
 Under the baseline climate scenarios, Maine’s forest carbon stocks continued to grow 
until the end of the century, with an extra 31% more total forest carbon stock that has been 
accumulated since 2016, increasing from 402 to 599 million tons C by 2100 (Figure 19a, black 
line). Climate change has a positive effect on AGC by2080, increasing by 30%-37% (RCP2.6-
RCP 8.5) AGC since 2016. The diminishing climate change effect after 2080 resulted in a 
reduction of the AGC stock to a number similar to the climatic baseline by the end of the century 
(Figure 19). By 2100, about 1.2 million tons of C per annum is stored in harvested wood 
products (HWPs). Summing over the annual sequestration in HWPs yields a total HWP stock 




2080, climate change had a positive effect on C stored in HWPs through tree growth, and by the 
end of the century it had a negative effect. 
 
Figure 19. Carbon storage (MMT): total carbon storage by sum C in HWP and AGC (a); left 
AGC stock after harvesting (b); carbon stored in HWPs (c) under current, RCP 2.6, RCP 4.5, 
RCP 6.0, and RCP 8.5 climate scenarios.  
3.5. Discussion 
 In the absence of future climate change and harvesting, the simulations predicted a 135% 
increase in AGB over the coming 80 years under a no-harvest scenario, suggesting there is a 
potential for increased carbon storage over the 21st century if harvests were to cease. For 
comparison, Albani et al. (2006) also estimate that for biomass volume from eastern United 
States will keep growing at least through 2100.   
 The forest succession contributes the largest increase in Maine’s AGB and AGC, 
reflecting that the average live aboveground biomass and forest carbon density in Maine’s 
present landscape is much lower than a landscape dominated by old‐growth forests. Thompson et 




mechanism affecting forest carbon dynamics, considering the legacy of agricultural 
abandonment and policy restricting widespread clear cutting.  Simulation results suggest that 
climate change (temperature and precipitation) will have a net positive impact on growth and 
biomass stores, which is consistent with other studies conducted at various scales (Campbell et 
al., 2009; Favero et al., 2017a; Thompson et al., 2011).  In our simulations, total AGB in 2100 
under RCP2.6-RCP8.5 were 4%-13% higher than current trend (climate baseline). This is similar 
to climate change impact estimate of a 13.5% increase found in Thompson et al. (2011).  
In Daigneault et al. (2020), AGB and AGC accumulation trends under RCP2.6 and RCP8.5 were 
similar to our results, although only covering the northern forests of Maine, in 2010-2070. 
However, disturbances such as hurricanes and insect outbreaks could delay biomass accrual rate 
while on the other hand, CO2 fertilization could accelerate biomass growth (Ausseil et al., 2019; 
Ollinger et al., 2008). Neither disturbances nor CO2 fertilization effects were included in our 
simulations. As a result, the simulated biomass might accrue faster or slower than actual biomass 
accrual, but our pattern of forest biomass under different climate change is likely reasonable 
(Thompson et al., 2011). 
 Climate change resulted in minor impacts on the relative composition of the 13 species 
modeled in this paper. However, some studies have found climate change will influence tree 
species distributions in the Northeast (Iverson et al., 2004). In addition, our LANDIS-II model 
simulations estimated that continued recovery dynamics will drive the landscape to fast growing 
(eastern white pine and red maple) and shade tolerant species (red spruce, white spruce, eastern 
hemlock, white cedar). Previous studies also found that balsam fir and white birch were 




 Increasing AGB accrual resulting from succession could stimulate more harvesting, 
resulting in about a 65% increase in harvest volume over the coming 80 years. In terms of 
specific log grades, we estimate that current climate would result in a 78 % increase in sawlogs 
and a 14% increase in pulplogs between 2020 and 2100. Climate change encourages more 
harvesting of both on sawlogs and pulplogs for the next 60 years, but then tends to reduce 
harvesting after 2080.   
Timber harvesting has an obvious effect on forest AGB. We estimate that harvests are 
estimated to reduce AGB in 2100 by 46% compared to AGB accumulated under “growth only” 
simulation (i.e., current climate, no harvest). Climate change increased AGB gains by 4%-13% 
by 2100 under RCP2.6-RCP8.5 in the “growth only” simulation compared to current climate. As 
a result, incorporating harvests into the simulation has more impacts on AGB growth than 
climate change, as expected. The aggregated effects of climate change (+) and harvest (-) 
reduced gains in AGB by 47%-48% by 2100 under RCP2.6-RCP8.5 compared to the “growth 
only” simulation that excluded any harvests over the study period. 
 Continued forest succession and growth contributes the largest increase in carbon stock, 
followed by harvest. Climate change affects forest carbon dynamics the least. Wu et al. (2020) 
also mentioned that changes in forest AGB are mostly driven by succession and harvest. Our 
current climate scenario suggests that Maine’s forest can potentially be a large carbon sink by 
2100. In the absence of climate change and harvest, forest succession could accumulate 135% 
more AGC over the coming 80 years.  Even with harvesting, 39% more carbon stock (up to 559 
MMT C in 2100) can still be accrued compared to today. Under future emission assumptions, 
Maine’s forest carbon stocks will be bolstered by the growth enhancement effects of climate 




of the simulation in 2020. The diminishing incremental effect of climate change eventually 
reduces carbon stocks to 543-556 MMT C, which are similarly to the amount of carbon stock in 
absence of climate change. 
Carbon stored in HWPs can have multiple effects on national greenhouse gas (GHG) 
inventories. Some part of harvested wood carbon is stored in long-term products (Smith et al., 
2006), resulting in an additional 0.3 MMT C per year, or about 24 MMT C in total between 2020 
and 2100 in the baseline. Even though it only takes account 3.4% of total carbon stock, HWPs 
have some potential to mitigate harvesting effects on forest C, especially through the estimated 
increase in sawlog removals.  
3.6. Limitations 
 This analysis represents plausible scenarios based on the continued recent trends or 
emission assumptions. It is not necessarily an accurate prediction of the future. For example, 
disturbances have been found to have important impacts on the future forest landscape. In this 
study, we did not account for the fire disturbance, windstorms and nutrient limitations. However, 
previous research found the effects of wildfire, pest, and disease might offset the tree growth 
caused by climate change. We also took a uniform landscape to represent the forest landscape in 
LANDIS-II, as this approach was an effective and efficient way to capture total biomass change 
across the entire landscape. However, a key limitation is that did not consider spatial variation in 
factors such as soil, topography, hydrography, known to influence AGB and could not model the 
spatial structure and distribution of tree species. In addition, we do not include any options for 
landowners to adapt to climate change besides changing the harvest frequency and intensity. As 
a result, our estimates could vary from other modelling efforts that used a higher resolution and 





CLIMATE CHANGE IMPACTS ON MAINE FOREST UNDER SHARED 
SOCIOECONOMIC PATHWAYS 
4.1. Introduction 
 Previous studies suggest that forest growth and yields are anticipated to diverge from 
current trends with climate change (Intergovernmental Panel on Climate Change (IPCC) 2014). 
Some of them found adverse effects of climate change on tree growth, such as increasing tree 
mortality (Lambers et al., 2008), while others reported the increasing growing season duration, 
warmer temperature and increases in soil water availability could bolster forest productivity for 
some species. Future climate change hinders forest productivity in warmer regions, while 
increases forest yields in northern forests (cold regions).  Early studies explored the impacts of 
climate change on the physical system alone, while later research has integrated human 
dimensions and natural systems into global change research. Social, economic, and technological 
changes will be fundamental determinants of future natural and human system responses and 
risks from climate change. But understanding the magnitude of these responses is complicated by 
the interaction of numerous biophysical and socioeconomic factors.  
 Previous studies have combined timber and economic models with forest landscape 
models, to examine the impact of climate change on forest yield, but results have varied widely 
due to differences in models, scenarios and input data (Haga et al., 2019; Riahi et al., 2017). A 
new framework of creating global socioeconomic scenarios have been developed that serve 
different areas of climate change research using a matrix architecture including Shared 
Socioeconomic Pathways (SSPs) and Representative Concentration Pathways (RCPs) (Ebi et al., 




opportunities to increase coherence between scenarios at different scales and provide a common 
basis for climate modeling, impact, and policy response studies. This chapter combines the 
harvest choice model, socioeconomic change, and climate change scenarios presented in chapters 
1-3 into an integrated model framework to estimate the future of Maine’s forests under a range of 
alternative futures. A total of 30 scenarios are presented using this integrated approach. 
4.2. Methodology 
4.2.1. Integrated Model with SSP and RCP Scenarios 
 Narrative descriptions of five SSPs have been drafted in (O’Neill et al. 2014; Daigneault 
et al., 2019). A framework for constructing scenarios using SSPs and RCPs has also been 
described in previous studies (e.g., Kriegler et al., 2012; O’Neill et al., 2014, O'Neill et al., 
2017). In this dissertation, the development of SSPs is described in Chapter 2 (SSP narratives 
and parameterization in Figure 20), while the climate change (RCPs) effect on forest yields are 
developed in Chapter 3 (LANDIS-II simulations in Figure 20). In this chapter, we combined the 
climate change pathways with the SSPs by calibrating the FIA forest growth model to develop a 
growth model incorporating climate change from LANDIS-II outputs (Figure 20). Table 9 
provides the detail explanation with respect to the scenarios developed for this dissertation. The 
combination of the 4 RCPs, 5 SSPs, and current trends results in 30 modeled scenarios in this 





Figure 20. Schematic diagram of data and models applied in this analysis. 
Table 9. Name and explanation for categorized simulations in this analysis 
Scenario Explanation 
Baseline/Current 
Current trend in growth and harvest simulation in absence of future 
climate change and harvest. Depicts biomass growth resulting from 
continued stand growth and succession and harvest activities 
SSP1-SSP5 
Simulations based on SSPs assumption, without considering climate 
change 
RCP2.6-RCP8.5 
Simulations based on RCPs assumption, without considering social-
economic change 
SSPs × RCPs  




4.3.1. Timber Harvest 
 Our results show that harvesting in Maine will increase over time, even in the absence of 




income, and urbanization, i.e., the model ‘baseline’ (Figure 21). Similar findings hold when 
adding climate and socioeconomic impacts, where RCPs depict climate impacts on timber 
harvesting under current socioeconomic trends, SSPs depict socioeconomic impacts on the 
harvest volumes without climate change, and RCPs × SSPs combinations depict climate impacts 
on harvest volume under future socioeconomic developments.  
 As expected, baseline values are relatively low compared to other scenarios values, 
except SSP3, which is developed with limited economic growth and restricted technology 
(Figure 21). The relative ranking of color groups for lines and envelopes from top purple to 
bottom green and blue indicate the higher climate change scenarios (8.5 W/m2 in RCP8.5) result 
in greater rates of timber harvesting. On the contrary, lower climate change scenarios (2.6 W/ m2 
in RCP2.6) result in smaller increases in harvesting intensity. These results mainly depend on the 
variation in AGB and forest species induced by climate change (discussed in Chapter 3). Even 
though the pooled figure shows the value patterns in groups, it is hard to distinguish individually. 
Thus, we separate these values by RCP groups, which highlights the variation across the 





Figure 21. Impacts of climate change on timber harvest volume under different SSP × RCP 
combinations. (shading indicates range based on variability in model stumpage price inputs) 
 We can better identify how the socioeconomic impacts on timber harvesting with or 
without climate change in Figure 22. The patterns between SSPs only change slightly across the 
different RCPs groups, highlighting that the color grade ranking and increase trend were similar. 
In the absence of climate change, harvest volumes are projected to continue to increase, even 
under current socioeconomic conditions, suggesting forest growth dynamics are a key influence 
on harvests. Consistent with higher economic growth driven by higher technological change and 
higher demand for wood products, SSP5 and SSP1 show more wood harvesting than other 
scenarios. However, SSP3 estimates the slight reduction in harvest volume compared to baseline. 
Several factors will influence these patterns. For example, sensitivity analysis in chapter 2 
already indicated that stumpage price is one of the major factors, with higher stumpage price 
increase rates in SSP5 and SSP1 induced by larger investments, income, and demand that 






Figure 22. The total timber harvest volume under RCPs and SSPs scenarios. (shading indicates 
range based on variability in model stumpage price inputs) 
 Figure 23 shows the range in estimates across specific SSPs or RCPs. Results categorized 
in SSP scenarios are shown as colored bars, while results categorized in RCP scenarios are 
shown in grey bars. The horizontal solid lines denote baseline (i.e., current trend) estimates in 
2060 and 2100, while the dotted lines denote the harvesting value in 2020 at the starting point. 
Climate change could indirectly encourage harvesting by stimulating more aboveground biomass 
growth, while its effects on harvest volume are smaller than the effects from socioeconomic 
changes, as shown in Figure 23. SSPs range with respect to fixed RCP scenarios (grey bars) is 
larger than the RCPs range with respect to fixed SSP scenarios (colored bars). By 2060, harvests 
for all scenarios are above the horizontal baseline line, except the bottom part in SSP3 (SSP3 × 
Current/ RCP2.6). In 2100, SSP5 is largely above baseline. This indicates that both 




initially, but then gradually loses influence towards the end of the century. This pattern is also 
represented in Figure 21 where scenarios diverge in the middle of the century but converge near 
the end.  
 
Figure 23. Categorized harvest volume (MMT) at year 2060 and 2100 (dotted line represent 
estimated harvest volume in 2020, solid line depicts estimated harvest volume under baseline.  
 Sawlogs harvests are estimated to increase at higher rate than pulplogs as result of 
socioeconomic change and climate change. The relatively higher growth rates in sawlogs prices 
estimated in Daigneault et al. (2020)– which was used as a model input for this study – drive 




(Figure 24). Both sawlogs and pulplogs volume increase over time but tend to slightly decrease 
after 2080. After 2080, harvest volume in RCP 8.5×SSPs decreased rapidly, but it decreased 
slightly or even increase in the baseline and SSPs. A major reason we mentioned about this 
reduction in Chapter 3 is that the higher temperature driven up by climate change at the end of 
century will impact tree growth, thus harvest volume in RCP8.5 decreased at a faster rate. 
Combing climate change with the effects of the SSPs did not change the decline trends after 
2080.  
 
Figure 24. Simulated pulplogs (solid line) and sawlogs (dotted line) under RCPs and SSPs 
 The aggregate effects of forest growth (+), climate change (+ before 2080), harvest (-) 
and socio-economic factors (+) are estimated to drive the continued AGB accrual in Maine’s 
forests through the middle part of the century (Figure 25 and Figure 26A). However, by 2100, 
the declining positive effects of socio-economic factor and negative effects of climate change on 




by 2100. In general, Maine’s forest has the potential to accumulate AGB compared to 2020 in 
nearly all simulations, except in SSP5 and SSP5 × RCPs, where high demand results in timber 
removals exceeding growth by the end of the century. 
 






Figure 26. Mean aboveground biomass (AGB) (tons/ha) after harvesting simulated under RCPs 
and SSPs. 
  
4.3.2. Forest Carbon Stocks  
 About 0.99 - 1.51 MMTC/yr is estimated to be stored in HWPs by 2060. By 2100, this 
number increases to about 1.06 - 1.42 MMTC/yr, an increase by 28% - 72% annual HWP C 
sequestration compared to 2020 (Figure 28).  By 2060, total forest-based carbon stock 
(aggregated HWP and AGC) was estimated to accrue to 535 MMT C in the baseline, SSP3 
groups and RCP8.5 groups, separately accumulated 569 MMT C and 559 MMT C, both above 




MMTC. The mean value of total carbon stock in SSP3 groups was 638 MMT C, which was the 
only one higher than the baseline.  However, all bars were well above the dotted line ( value on 
starting year). 
 
Figure 27. Carbon storage (MMTC): annual harvest wood products (a-b); AGC stock (c); total 











Figure 29. Total carbon storage by total forest carbon (HWP and AGC) simulated under baseline 
and SSPs. 
4.4. Discussion 
 This paper provides an overview of potential future impacts of both climate change and 
socio-economic changes on Maine’s forest biomass, carbon stock, and timber harvests. An 
integrated modelling approach was adopted to integrate the climate change effects from 




harvest choice model that incorporated nearly 9,000 stand-level observations. Using landscape 
models enabled us to perform the assessment of climate change impacts on forestland, while the 
SSPs framework enabled us to capture the influence of social and economic developments and 
environmental policy on forestland and the forest products industry. This regional framework 
could give insights into the implications of climate and socio-economic factors for the Maine’s 
forest sector and could isolated or integrated effects from climate change and socio-economic 
conditions. 
 In Chapter 2, five shared socioeconomic pathways (O’Neill et al., 2017b; Riahi et al., 
2017) were downscaled to the regional level, and narratives were provided to explore the 
consequence of social-economic elements to the future forest sector. Quantitative assumptions 
were combined with a stand-level harvest choice model developed in Chapter 1 to provide a 
possible range of outcomes for the carbon stock and timber market in the future. In Chapter 3, 
four emission scenarios (RCP2.6-RCP8.5) were combined with the HadGEM2 and CCSM4 
climate model to yield a range of warming scenario through 2100. The LANDIS-II model then 
estimated AGB growth as a result of climate change. These estimates were used to normalize and 
calibrate forest yield curves that were linked with the stand-level harvest choice model. In this 
chapter, we combine the SSPs framework the landscape and harvest choice models to explore the 
physical impacts of climate change as well as policies and economic influence on Maine’s forest 
sector. 
 The results suggest that timber supply increase with climate change as climate change 
will cause forest stocks and growth to increase (Favero et al., 2017a; Tian et al., 2016).  Our 
SSPs results are fairly consistent with other forest SSP studies which estimate timber supplies are 




2017a; Hu et al., 2018). Results also found the range of estimates across the fixed RCP groups 
(representing SSPs range with respect to a fixed RCP scenario) is larger than the range of fixed 
SSP groups (which represent the RCPs range with respect to a fixed SSP scenario). Even though 
climate change could indirectly increase timber harvest by accelerating tree growth, its influence 
on harvest volume is smaller than the effects from socioeconomic factors. Climate change could 
indirectly encourage harvesting by stimulating more aboveground biomass growth, while its 
effects on harvest volume is smaller than the effects from socioeconomic changes. Notably, the 
largest influence on Maine’s forests across the SSPs is product demand, which is represented 
through changes in stumpage prices. Other studies already demonstrate that SSP effects on 
changes in land use and commodity production are much greater than the RCP-only scenario 
(Ausseil et al., 2019; Favero et al., 2017a; Popp et al., 2017; Tian et al., 2016). However, climate 
change showed negative effects on forest yields at the end of century, particularly in the case of 
RCP8.5, where the cutting rate exceeds tree growth rate, further reducing harvest volume, and 
the fact that the incremental increase driven by the SSPs cannot offset this reduction.  
 The model suggests that forests will become a large reservoir of carbon without climate 
or socioeconomic change (i.e., Baseline). Climate change could increase the forest carbon sink 
by the middle of century, but this trend diminishes towards the end of century. Carbon stocks 
were projected slightly higher in SSP3 groups, which is the opposite as many other studies. Most 
of the carbon stock increase in our study is due to shifts in forest growth and timber management 
with constant land use. As a result, the large harvest volume would greatly influence the 
remaining AGB and AGC. That is, the lower the harvest volume, the larger the AGC following 
harvest.  Carbon stocks were estimated to be the lowest in the SSP5 scenarios, particularly in the 




MMTC store in the baseline, while it’s still higher than the carbon stock in the starting year. This 
result suggests future forest has greater potential for enhanced carbon sequestration capacity, 
even facing high wood utilization, such as the SSP5 simulations, its self-succession and 
improved forest yields induced by climate change could guarantee the forest land remain as a net 
carbon sink. Other studies, such as Favero et al. (2017b) illustrated that forest may not be able to 
hold the same stock of carbon as current, the high climate change might limit tree growth, thus 
more stringent conservation and forest land use policies may need to be implemented to sustain 
carbon sequestration and strengthen the resilience of Maine’s forest sector. 
4.5. Limitations 
 Our study integrated a harvest choice model with socioeconomic and climate change 
pathways to estimate the future of Maine’s forest sector under a range of plausible futures. While 
the comprehensive approach to our study includes dozens of scenarios and robust sensitivity 
analysis, there is still model uncertainty. As a result, it is not intended to be an accurate 
prediction of the future but rather a tool to help evaluate what Maine’s forest sector could look 
like under a range of conditions.  
The harvest choice model relied on a variety of data and assumptions. Our model relied 
on publicly available data from FIA, of which the published coordinates of the plots are ‘fuzzed’ 
such that they can be up to 1 km from the actual location. As a result, this can have a potential 
effect on the estimates, particularly if geo-specific variables from non-FIA sources such as 
conservation land designation and distance from highway are misclassified. Future work will 
evaluate the effect of using non-fuzzed plots on model estimates.  
 The shared socioeconomic pathways (SSP) framework provides the opportunity to 




changes in Maine’s forest sector are influenced by dozens of variables, our analysis was limited 
to the data included in our econometric harvest choice model. As a result, the SSPs were limited 
to about 10 parameters that could be adjusted to reflect different pathways, including stumpage 
price growth, land ownership, and mill demand. We are relatively confident that the wide range 
in assumptions used to parameterize the five SSPs capture a broad ‘envelope’ of possible futures. 
Furthermore, most of our results are in line with other studies, where key differences can be 
explained.  
In terms of climate change, this analysis represents plausible scenarios based on the 
continued recent trends or emission assumptions. The study did not account for the fire 
disturbance, windstorms, pest, disease or nutrient limitations on forest growth. On the contrary, 
we did not account for carbon dioxide fertilization, which could have a positive impact on forest 
growth. The climate impacts modeling also relied on a uniform landscape to represent the forest 
landscape in LANDIS-II, as this approach was an effective and efficient way to capture total 
biomass change across the entire landscape. However, a key limitation is that did not consider 
spatial variation in factors such as soil, topography, hydrography, which are all known to 
influence AGB. Further, we could not model the spatial structure and distribution of tree species. 
In addition, we do not include any options for landowners to adapt to climate change besides 
changing the harvest frequency and intensity. As a result, our estimates could vary from other 
modelling efforts that used a higher resolution and more computationally intensive landscape and 
set of simulations. 
One final limitation of our study is that we assumed Maine’s total forest area would 
remain constant across time for all scenarios. This assumption deviates from many other land use 




constant over the past few decades, but there is growing concern that development pressure 
could result in some forest loss across the state over in the future. For example, Duveneck and 
Thompson (2019), Maine Climate Council (2020) and  New England Landscape Futures (2020) 
all indicate that Maine could lose up to 10,000 acres of land per year. As a result, future research 
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APPENDIX A. SUPPORTING INFORMATION FOR CHAPTER 1 
Table A1. Full model estimates of Maine sawlogs and pulplogs harvest choices. 
Variable 
Sawlogs  Pulplogs 
 Partial Harvest  Full Harvest   Partial 
Harvest  
Full Harvest 
  Coefficients (Standard errors) 
PriceSawCounty 0.018
*** 0.029***  0.030*** 0.064*** 
 (0.006) (0.006)  (0.005) (0.008) 
PricePulpCounty 0.02
*  0.221***  0.029** 0.231*** 
 (0.014) (0.003)  (0.013) (0.003) 
LagBio 0.060*** 0.090***  0.060*** 0.096*** 
 (0.002) (0.002)  (0.002) (0.003) 
BioTot -0.065*** -0.107***  -0.069*** -0.130*** 
 (0.002) (0.004)  (0.002) (0.005) 
PostGrowth 0.534*** 1.349***  -0.383*** 1.555*** 
 (0.002) (0.000)  (0.002) (0.001) 
PostGrowth_sqr -0.036*** -0.413***  0.071*** -0.205*** 
 (0.003) (0.001)  (0.002) (0.008) 
Millsaw -0.009 0.000     
 (0.008) (0.002)    
Millpulp    -0.048*** 0.232*** 
    (0.001) (0.001) 
LandValue -0.004*** 0.004***  0.002*** -0.0001*** 
 (0.000) (0.000)  (0.000) (0.000) 
Conservationprivate 0.014*** 0.113***  -0.040*** -0.296*** 
 (0.000) (0.000)  (0.000) (0.000) 
Conservationpublic -0.292*** -0.281***  -0.212*** -0.049*** 
 (0.000) (0.000)  (0.000) (0.000) 
Elevation 0.0001  0.001***  0.0002*** 0.001*** 
 (0.0001) (0.0002)  (0.0001) (0.0001) 
Year2011 0.013
*** -0.224***  0.124*** 0.190*** 
 (0.001) (0.000)  (0.001) (0.000) 
Year2016 -0.525
*** -0.892***  -0.288*** -0.147*** 
 (0.001) (0.000)  (0.001) (0.000) 
Coastal 14.225*** -18.068***  -12.519*** 0.082*** 
 (0.000) (0.000)  (0.000) (0.000) 
CountyAroostook -1.232*** 0.152***  0.586*** -0.352*** 
 (0.001) (0.000)  (0.001) (0.000) 
CountyCumberland -7.024*** 16.956***  9.208*** 3.595*** 
 (0.000) (0.000)  (0.000) (0.000) 
CountyFranklin -0.269*** -1.091***  -0.623*** -0.574*** 




Table A1 continued      
CountyHancock 92.526*** -104.153***  -119.821*** 5.553*** 
 (0.000) 0.000   (0.000) 0.000  
CountyKennebec 0.404*** -1.977***  -1.063*** -4.252*** 
 (0.000) (0.000)  (0.000) 0.000  
CountyKnox -11.437*** 22.225***  15.984*** 2.677*** 
 (0.000) 0.000   (0.000) (0.000) 
CountyLincoln -12.910*** 23.840***  16.798*** 3.519*** 
 (0.000) (0.000)  (0.000) (0.000) 
CountyOxford -0.290*** -0.779***  -0.238*** -0.645*** 
 (0.000) (0.000)  (0.000) (0.000) 
CountyPenobscot -0.704*** 0.047***  0.220*** -0.571*** 
 (0.000) (0.000)  (0.000) (0.000) 
CountyPiscataquis -0.735*** -0.186***  0.373*** -0.373*** 
 (0.000) (0.000)  (0.000) (0.000) 
CountySagadahoc -7.757*** -55.059***  9.264*** -24.032*** 
 (0.000) 0.000   (0.000) 0.000  
CountySomerset -0.977*** -0.065***  0.410*** -0.531*** 
  (0.000) (0.000)  (0.000) (0.000) 
CountyWaldo -13.329*** 24.059***  16.828*** 1.809*** 
  (0.000) (0.000)  (0.000) (0.000) 
CountyWashington -14.671*** 24.803***  18.233*** 2.022*** 
  (0.000) (0.000)  (0.000) (0.000) 
CountyYork -11.671*** 22.451***  15.213*** 3.075*** 
 (0.000) (0.000)  (0.000) (0.000) 
HighwayDist -0.00001  0.00005   0.00003 0.00003 
 (0.00002)  (0.00004)   (0.00002) (0.00005) 
Constant -0.977*** -7.508***  -2.309*** -7.535*** 






LR χ2(56) 4202.5                     3828.5 
Prob >Chi2 (χ2) 0.000  0.000 
Akaike Inf. Crit. 5,945  6,285 





Log likelihood at 0 -5014  -4999 












Table A2. Estimated marginal effects of Maine sawlogs and pulplogs harvest choices. 
Average Marginal Effect   
Sawlogs  Pulplogs 
Partial Harvest Full Harvest  Partial Harvest Full Harvest 
PriceSawCounty 0.002*** 0.000***  0.003*** 0.001*** 
PricePulpCounty -0.001** 0.004***  0.001*** 0.003*** 
LagBio 0.005*** 0.001***  0.006*** 0.001*** 
BioTot -0.006*** -0.001***    
BiopulpLD    -0.007*** -0.001*** 
PostGrowth - -  - - 
PostGrowth2 - -  - - 
Millsaw -0.0007*** -0.0002***    
Millpulp    -0.008*** 0.004*** 
LandValue -0.00008*** 0.00003***  0.00009*** -0.000008*** 
Conservationprivate -0.002***    0.003***  -0.002*** -0.004*** 
Conservationpublic -0.026*** -0.002***  -0.024*** -0.001*** 
Elevation 0.00001 0.00004***  0.00005** 0.00004*** 
HighwayDist -0.0002 0.0001*  0.0003 0.00002 
Year2011 0.004*** -0.004***  0.013*** 0.001*** 
Year2016 -0.044*** -0.011***  -0.032*** 0.001*** 
Coastal 1.381**   -0.420**  -1.458*** 0.110*** 
Constant - -  - - 
¶ *p<0.1; **p<0.05; ***p<0.01 
The average marginal effects are interpreted as the percentage change in choice probability for partial or 
full harvest activities in response to a one unit change in the respective explanatory variable (keeping all 
other independent variables constant at their mean values) in the row. e.g., one dollar increased in 
sawlogs price will drive up the probability of partial harvest in sawlogs by 0.2% and transfer the non-
conservation land to privately conservation land will drive down the probability of partial harvest in 










Table A3. Revised full model estimates of Maine sawlogs and pulplogs harvest choices with 
updated data. 
Variable 
Sawlogs  Pulplogs 
 Partial Harvest  Full Harvest   Partial Harvest  Full Harvest 
  Coefficients (Standard errors) 
PriceSawCounty 0.015*** 0.043***  0.029*** 0.068*** 
 (0.003) (0.006)  (0.003) (0.001) 
PricePulpCounty 0.025*** 0.189***  0.065*** 0.211*** 
 (0.001) (0.002)  (0.001) (0.000) 
LagBio 0.060*** 0.088***  0.070*** 0.116*** 
 (0.002) (0.002)  (0.002) (0.002) 
BioTot -0.065*** -0.102***  -0.070*** -0.128*** 
 (0.002) (0.004)  (0.002) (0.004) 
PostGrowth 0.750*** 0.906***  1.160*** 2.141*** 
 (0.000) (0.000)  (0.000) (0.000) 
PostGrowth_sqr -0.057*** -0.339***  -0.125*** -0.411*** 
 (0.003) (0.000)  (0.002) (0.001) 
Millsaw -0.005*** -0.014***    
 (0.001) (0.002)    
Millpulp    -0.019*** 0.210*** 
    (0.000) (0.000) 
LandValue -0.001*** 0.001***  0.0005*** -0.00005*** 
 0.000  0.000   0.000  0.000  
Conservationprivate 0.012*** 0.349***  -0.052*** -0.222*** 
 (0.000) (0.000)  (0.000) (0.000) 
Conservationpublic -0.020*** -0.172***  0.031*** 0.266*** 
 (0.000) (0.000)  (0.000) (0.000) 
Elevation 0.000  0.002***  -0.0004* 0.001** 
 (0.000) (0.001)  (0.000) (0.001) 
Year2011 -0.002*** 0.032***  0.010*** 0.198*** 
 (0.000) (0.000)  (0.000) (0.000) 
Year2016 -0.527*** -0.528***  -0.332*** -0.122*** 
 (0.000) (0.000)  (0.000) (0.000) 
Coastal 14.196*** -34.780***  -9.942*** -9.305*** 
 (0.000) (0.000)  (0.000) (0.000) 
CountyAroostook -1.261*** 0.285***  0.260*** -0.324*** 
 (0.000) (0.000)  (0.000) (0.000) 
CountyCumberland -7.232*** 26.322***  4.868*** 10.140*** 
 0.000  0.000   0.000  0.000  
CountyFranklin -0.242*** -1.015***  -0.054*** 0.054*** 
 (0.000) (0.000)  (0.000) (0.000) 
CountyHancock 95.517*** -104.604***  -63.662*** 16.549*** 
 0.000  0.000   0.000  0.000  




Table A3. continued. 
 (0.000) (0.000)  (0.000) 0.000  
CountyKnox -11.808*** 31.952***  8.689*** 10.257*** 
 0.000  0.000   0.000  0.000  
CountyLincoln -13.315*** 33.645***  8.781*** 10.040*** 
 0.000  0.000   0.000  0.000  
CountyOxford -0.293*** -0.726***  -0.384*** -0.807*** 
 (0.000) (0.000)  (0.000) (0.000) 
CountyPenobscot -0.756*** 0.139***  -0.014*** -0.649*** 
 (0.000) (0.000)  (0.000) (0.000) 
CountyPiscataquis -0.790*** -0.138***  0.136*** -0.596*** 
 (0.000) (0.000)  (0.000) (0.000) 
CountySagadahoc -8.025*** -122.971***  4.739*** -85.426*** 
 0.000  0.000   0.000  0.000  
CountySomerset -0.987*** -0.025***  0.186*** -0.451*** 
  (0.000) (0.000)  (0.000) (0.000) 
CountyWaldo -13.778*** 33.979***  8.741*** 9.475*** 
  (0.000) (0.000)  0.000  0.000  
CountyWashington -15.136*** 34.712***  9.669*** 9.228*** 
  (0.000) (0.000)  (0.000) (0.000) 
CountyYork -12.028*** 32.184***  8.234*** 10.432*** 
 (0.000) (0.000)  0.000  (0.000) 
HighwayDist (0.000) 0.004   0.001  0.000  
 (0.002) (0.005)  (0.002) (0.007) 
Constant -1.441*** -6.769***  -6.003*** -8.255*** 






LR χ2(56) 4542  4753 
Prob >Chi2 (χ2) 0.000  0.000 
Akaike Inf. Crit. 6136  6000 





Log likelihood at 0 -5279  -5317 







¶ *p<0.1; **p<0.05; ***p<0.01  
 
 The data set has been updated with more valid plots and removed some outliers. Correct 
classification rates have been slightly improved, also the same as McFadden R2.   Almost all 




Estimated signs of public conservation lands have turned from negative to positive for pulplogs 
harvest, indicating the pulplogs harvest probability on public conservation lands is higher than 
we initially thought. However, this is likely to have a minimal impact on the results because that 




APPENDIX B. SUPPORTING INFORMATION FOR CHAPTER 2 
Table B1. Detailed shared socioeconomic pathways for Maine forest sector. 
Element Rationale SSP 1 SSP 2 SSP 3 SSP 4 








High Medium Low High Low High 
Population Growth 
(annual %)  
Population growth 
is another indicator 
of demand 








and how goods are 
produced and 
traded 








High Medium Low Medium-High, but 
also many second 
homes in rural 
areas in the North 
Low High, but also 
many second 











by other policies or 
drivers. 









High, focused on 










lead to higher 
yields 
High Medium Low High Med-Low High 
Land Use 
Regulation 





High, increase in 










Medium-high Low Medium, although 






Table B1. continued 
 
Element Rationale SSP 1 SSP 2 SSP 3 SSP 4 




The mix of 
environmental 
policies employed 
and the priorities 
they reflect help to 
explain other 
societal drivers, 





policies, mix of 
market incentives 









































can affect timber 

































Intensity can affect 
yields and species 
mix 








influence how and 







mix of sawlogs, 
pulp and fuelwood 
Low, mostly low-
grade pulp and 
fuelwood 
High, mix of types 
Med, mostly low-
grade pulp and 
fuelwood, some 
sawtimber 









efficient use and 
distribution 




affect how forests 
are managed 
High; ME FPA 
continues to hold, 
as does Statewide 
Standards (riparian 
management); 



































certification b/c of 
price premiums; 
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